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METODOLOŠKA VPRAŠANJA PRI ODLOČITVENIH POSKUSIH: 





Poskusi diskretne izbire so priljubljena metodologija za pridobivanje preferenc ljudi in mer 
pripravljenost na plačilo. Vendar pa obstajajo številni metodološki izzivi, kot so 
kompleksnost naloge izbire, hipotetična pristranskost in nepoznavanje izbirnih atributov, ki 
so bili preučeni v dveh raziskavah, vključenih v to disertacijo. Na Stomatološki fakulteti 
Univerze v Zagrebu je bila opravljena raziskava, da bi ocenili pacientovo pripravljenost na 
plačilo za bolnišnično zobozdravstveno oskrbo v šolski kliniki in raziskali veljavnost 
izpeljanih ocen. Med atributi, vključenimi v poskus diskretne izbire, je bila razlaga 
zdravljenja v povprečju najbolj cenjen atribut, sledil je odnos zobozdravstvenega osebja, 
ponudnik zobozdravstva in čakalni čas. 
 
Ker imajo pacienti pogosto različna pričakovanja in preference za intervencije 
zdravstvenega varstva, je pomembno, da pri ocenjevanju PZP za zdravstveno varstvo 
upoštevamo heterogenost v njihovih preferencah. Mešani logistični model in model latentnih 
razredov sta zaznala veliko heterogenost pri željah pacientov. Model latentnih razredov je 
opazil štiri skupine bolnikov z različnimi preferencami za zobozdravstveno nego. Starejši 
in/ali bolj izobraženi pacienti so dajali sorazmerno manjši pomen razlagi zdravljenja, vendar 
so bili bolj pozorni na medosebne značilnosti. Visokošolska izobrazba je bila povezana tudi 
z večjo nagnjenostjo k nadomestitvi fakultetne zobozdravstvene oskrbe z zasebnimi 
ponudniki. 
 
Različne značilnosti zasnove raziskave, kot so možnost izključitve in izbira atributov ter 
njihovih ravni, lahko vplivajo na način izbire anketirancev in ocene parametrov koristnosti. 
Vendar pa pri anketirancih, ki opcije možnosti izključitve niso imeli, to ni vplivalo na 
preference v ponudbi zobozdravstvene oskrbe in na nepojasnjeno varianco modela. Poleg 
tega dodajanje stroškovnega atributa v poskusu diskretne izbire ni spremenilo vrstnega reda 
drugih atributov in njihove uteži koristnosti se niso bistveno razlikovale, kar pomeni, da so 
bili anketiranci pripravljeni zamenjati stroške z drugimi atributi zobozdravstvene oskrbe. 
Vendar pa je dodajanje stroškovnega atributa povečalo nepojasnjeno varianco modela, kar 
bi lahko najbolje pojasnili z višjo kognitivno obremenitvijo zaradi prisotnosti dodatnega 
atributa k izbirni nalogi. Nismo našli trdnega dokaza, da je učinek vključitve dodatnega 
stroškovnega atributa drugačen od pričakovanega učinka pri vključitvi kateregakoli atributa 
izbire, zato ta vpliv morda ni tako pomemben, kot so predlagale nekatere prejšnje študije. 
 
Študije s poskusi diskretne izbire so pokazale, da anketiranci pogosto ignorirajo enega ali 
več atributov, ko se odločajo in lahko zanemarijo sam stroškovni atribut, s čimer otežijo 
 
izračun mejnih vrednosti pripravljenosti na plačilo. Metoda kontingenčnega vrednotenja 
neposredno ocenjuje pripravljenost na plačilo, s čimer se izogne tej težavi. Metoda diskretne 
izbire je prinesla bistveno višjo oceno blaginje za zobozdravstveno oskrbo kot metoda 
kontingenčnega vrednotenja. Medtem ko ni bilo dokaza o strateškem vedenju pri 
neposrednih ocenah pripravljenosti na plačilo, je skoraj vsak drugi anketiranec v poskusu 
diskretne izbire zanemaril atribut stroškov, kar lahko razloži neskladnost v ocenah plačila 
med obema metodama. Ugotovitve kažejo, da je neposredna ocena pripravljenosti na plačilo 
prek kontingenčne metode pripeljala do bolj realnih ocen, kar pripelje do dvomov o 
izpeljanih ocenah pri študijah diskretne izbire, ki niso upoštevali nepoznavanja stroškovnega 
atributa med ocenjevalnim postopkom. Vendar tipična študija kontingenčnega vrednotenja 
vrednoti storitev kot celoto in ne ponuja nobenih informacij o vrednosti posameznih 
atributov, ki sestavljajo storitev. 
 
Za obravnavo te omejitve je kontingenčno nalogo spremljala naloga tipa najboljša-najslabša 
izbira, ki je zagotovila informacije, ki so bile uporabljene za pridobivanje vrednosti 
pripravljenosti na plačilo specifičnih atributov zobozdravstvene oskrbe iz celovitih vrednosti 
za zobozdravstveno oskrbo, ocenjenih s pomočjo kontingenčne metode. Predlagana 
metodologija bi lahko bila dragocena alternativa tradicionalnim poskusom diskretne izbire, 
ko bi obnašanje anketirancev pri izbiri povzročalo dvome glede veljavnosti mer 
pripravljenosti na plačilo. 
 
Konteksta izbire pogosto ni mogoče enostavno opisati z omejenim številom atributov, kar 
lahko privede do pristranskosti zaradi izpuščenih spremenljivk. Po drugi strani pa 
spraševanje anketirancev, da ocenijo veliko število atributov, nalaga visoko kognitivno 
breme in jih spodbuja k poenostavitvi izbirne naloge, kar lahko prispeva k večji nepojasnjeni 
varianci in vpliva na veljavnost ocen koristnosti. Okoljsko vrednotenje običajno vključuje 
kompromise med kompleksnimi dobrinami. Kako opisati zapleten kontekst vrednotenja je 
pomembno vprašanje, ki je bilo raziskano v drugi raziskavi, ki je ocenila preference 
uporabnikov poti za različne naravne, socialne in vodstvene pogoje v Naravnem parku 
Medvednica. Zasnovani sta bili dve različni izbirni nalogi, ki sta se razlikovali v 
zagotavljanju informacij o rekreativnem okolju. En poskus diskretne izbire je uporabil 
večrazsežne atribute, da bi število atributov za anketirance ostalo obvladljivo, ob 
upoštevanju vseh pomembnih vidikov izkušenj obiskovalcev. Drugi poskus diskretne izbire 
je uporabil več specifičnih, enorazsežnih atributov, ki opisujejo enako rekreativno okolje, 
vendar je vključil delno profilno zasnovo, v kateri se v vsakem izbirnem setu pojavlja le 
podskupina atributov. Opažena težavnost naloge izbire, samo-poročana gotovost izbire in 
doslednost izbire so bili podobni v obeh poskusih. Heterogenost v preferencah in obsegu je 
bila ugotovljena v obeh poskusih. Indikacije nekompenzacijskega vedenja in večja 
nepojasnjena varianca med manj izkušenimi uporabniki poti so bili najdeni v poskusu 
delnega profila z bolj specifičnimi atributi, ne pa v poskusu z večrazsežnimi atributi. 
 
 
Okoljski pogoji so pogosto medsebojno povezani in kot taki ne morejo biti istočasno 
vključeni v poskus diskretne izbire. Povezani model strukturne izbire je bil zasnovan tako, 
da se ukvarja s (vzročno) povezanimi atributi, kot tudi z večpomenskostjo pri uporabi 
večrazsežnih atributov izbire, saj se lahko anketiranci med izbiranjem osredotočajo na 
različne vidike teh atributov. Za povezavo dveh izbirnih poskusov smo uporabili model 
strukturne izbire in raziskali obseg spremenljivosti v večrazsežnih atributih (gneča na poti 
in intenzivnost cestnega prometa, ocenjeno v poskusu diskretne izbire), ki ga razlaga vsaka 
od njegovih razsežnosti (to so specifične razmere, povezane z gnečo, ocenjevane v poskusu 
najboljšega-najslabšega lestvičenja). Ugotovitve kažejo, da so bile preference obiskovalcev 
glede gneče pod vplivom percepcije “ravni uporabe poti” in “hrupa od prometne ceste”. Naš 
pristop ponuja bolj bogate informacije oblikovalcem politike od drugih rešitev glede 
problematike korelacije/vzročnosti med atributi pri kompleksnih poskusih izbire, in sicer 
izključitev nekaterih relevantnih atributov ali preprosto njihovo združevanje v en 
večrazsežni atribut. 
 
Ključne besede: poskus diskretne izbire; pripravljenost na plačilo; atributi izbire; kognitivna 
zahtevnost; kontingenčno vrednotenje.  
 
METHODOLOGICAL ISSUES IN CHOICE EXPERIMENTS: 





Discrete choice experiments (DCEs) are a popular methodology for eliciting human 
preferences and willingness-to-pay (WTP) measures. However, there are a number of 
methodological challenges, such as choice task complexity, hypothetical bias and non-
attendance to the choice attributes, which have been examined in the two surveys included 
in this dissertation. One survey was conducted at the School of Dental Medicine, University 
of Zagreb, to estimate patients’ WTP for dental care delivery at the school clinic and 
investigate the validity of derived estimates. Among the attributes included in a DCE, 
treatment explanation was on average the most valued attribute, followed by dental staff 
behavior, dental care provider and waiting time in the office. As patients often have diverse 
expectations and preferences for health care interventions, it is important to consider 
heterogeneity in their preferences when estimating WTP for health care. Mixed logit and 
latent class analyses detected a large heterogeneity in patients’ preferences. Four classes of 
patients with distinct preferences for dental care were identified. Older and/or more educated 
patients tended to give relatively less importance to treatment explanation, but were more 
attentive to interpersonal characteristics. Higher education was also associated with a higher 
propensity to substitute faculty dental care with private care providers.  
 
Different survey design features, such as the opt-out option and the selection of attributes 
and their levels, may affect the choice behavior of respondents and estimated utility weights. 
However, not giving an opt-out option to respondents did not affect the preferences for dental 
care delivery and response error variance. Furthermore, adding the cost attribute to a DCE 
task did not change the rank order of other attributes and their utility weights did not differ 
significantly, indicating that respondents were willing to trade off cost with other dental care 
attributes. However, adding the cost attribute increased the response error variance, which 
could be best explained by a higher cognitive burden from adding an extra attribute to the 
choice task. We did not find any strong evidence that the effect of including an extra cost 
attribute is any different from the expected effect of including any other choice attribute; 
therefore, its influence may not be as relevant as some of the previous studies may have 
suggested. 
 
Choice studies have shown that respondents often ignore one or more attributes when 
making choices and may ignore the cost attribute itself, thus precluding the calculation of 
marginal WTP values. The contingent valuation (CV) method directly estimates 
respondents’ WTP, thereby avoiding this issue. The DCE method yielded significantly 
higher welfare estimate for dental care than the CV method. While strategic behavior in 
 
direct WTP estimates was not evident, almost every second DCE respondent appears to have 
ignored the cost attribute, which may explain the discrepancy in welfare estimates between 
the two methods. The findings suggest that direct elicitation of WTP through the CV method 
produced more realistic estimates, and raise concerns about the derived WTP measures in 
DCE studies that did not consider non-attendance to the cost attribute during the estimation 
process. However, a typical CV study values a good as a whole and offers no information 
about the value of the individual attributes that comprise a good. To deal with this limitation, 
the CV task was accompanied by the best-worst choice (BWC) task which provided 
information used to derive the attribute-specific WTP values from the holistic WTP values 
estimated through the CV method. The proposed methodology could be a valuable 
alternative to traditional DCEs when the choice behavior of respondents raises concerns over 
the validity of estimated welfare measures. 
 
Choice contexts often cannot be easily described with a restricted number of attributes, 
which may lead to the omitted variable bias. On the other hand, asking respondents to 
evaluate large number of attributes imposes high cognitive burden and stimulates them to 
simplify the choice task, which may contribute to an increased error variance and affect the 
validity of utility estimates. Environmental valuation generally involves trade-offs between 
complex goods and services. How to describe a complex valuation context is an important 
consideration, and was investigated in a second survey that evaluated the preferences of trail 
users for different resource, social and managerial conditions in the Medvednica Nature 
Park. Two different choice experiments that differed in the provision of information about 
the recreational setting were designed. One DCE used multidimensional attributes to keep 
the number of choice attributes manageable for respondents, while considering all relevant 
aspects of visitors’ experience. The other DCE used a greater number of more specific, 
unidimensional, attributes to describe the same recreational setting, but implemented a 
partial profile design in which only a subset of attributes appeared in each choice set. 
Perceived difficulty of the choice task, self-reported choice certainty and choice consistency 
were similar across the two experiments. Heterogeneity in preferences and scale was 
detected in both experiments. Indications of non-compensatory behavior, and greater error 
variance among less experienced trail users were found in the partial profile experiment with 
more specific trail attributes, but not in the experiment with multidimensional attributes. 
  
Environmental conditions are often inter-related and as such cannot be simultaneously 
included in a DCE. A linked structural choice model was designed to deal with the correlated 
or causally-related DCE attributes as well as with the ambiguity when using 
multidimensional choice attributes, since respondents might be focused on different aspects 
of those attributes when making choices. A structural choice model was used to link the two 
choice experiments and investigate the amount of variability in multidimensional attributes 
(crowding on trail and intensity of road traffic, evaluated within the DCE) explained by each 
of its sub-dimensions (i.e. specific crowding-related conditions, evaluated within object case 
best-worst scaling (BWS) experiment). The findings indicate that visitors’ preferences for 
 
crowding were mostly influenced by perceptions of ‘trail use level’ and ‘noise from road 
traffic’. Our approach offers richer information to policy makers than other solutions to the 
attribute correlation/causality issues in complex choice studies, namely the exclusion of 
some relevant attributes or simply their aggregation into a single composite attribute. 
 
Keywords: discrete choice experiment; willingness-to-pay; choice attributes; cognitive 
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Discrete choice experiment (DCE) is a stated preference method widely used in health, 
environmental, marketing and transportation research. By forcing respondents to make the 
trade-offs between different attributes of a good, it avoids some limitations of traditional 
Likert-scales, such as social desirability bias (i.e. providing socially desirable answers), 
acquiescence (i.e. tendency to agree with the statement) and extreme response bias (i.e. 
giving high or low weightings to all attributes, therefore not effectively distinguishing 
between them) (OECD, 2013). The methodology of DCE is rooted in Lancaster’s theory of 
demand which suggests that individuals derive utility from the characteristics of goods rather 
than the goods per se (Lanscar & Louviere, 2008). In a DCE, different attributes of a good 
are simultaneously evaluated. Respondents are presented with the choice alternatives, each 
described by a unique combination of the levels of selected attributes. Two or more 
alternatives are combined in a single choice set, and respondents are asked to choose their 
preferred alternative in each set. Individuals’ choices reflect the trade-offs between the levels 
of the attributes they would be willing to make, and can be analyzed to deduce the weight 
people assign to various attributes of a good (Hoyos, 2010; Mandeville, Lagarde & Hanson, 
2014). When the cost or price is included as an attribute, marginal utility estimates can be 
converted into willingness-to-pay (WTP) estimates. A wide range of attributes can be 
valued, including some not yet offered (or available), which is an important advantage over 
revealed preferences obtained through observation of actual choices of individuals. 
Furthermore, experimental design of DCE studies avoids multicollinearity issues between 
independent variables often observed in revealed preference data (Mandeville et al., 2014).  
 
Designing a choice experiment follows four key steps: choice task design, experimental 
design, data collection and statistical analysis (Mandeville et al., 2014). The choice task 
design usually involves various sources of information, such as pilot surveys, focus groups, 
expert opinion and literature review, to identify the relevant attributes of a good and their 
levels to be included in a DCE. The next step is finding an optimal experimental design, i.e. 
an optimal combination of attributes and their levels, that defines the choice alternatives and 
choice sets. Identification and efficiency are the two main statistical issues involved in the 
construction of experimental design (Hoyos, 2010). Identification is related to the effects 
that can be independently estimated, which depends on the specification of the utility 
function (Mandeville et al., 2014). Independence or no correlation between the attribute 
levels (i.e. orthogonality) is an important aspect of experimental design. On the other hand, 
efficiency is a measure of the precision of the parameter estimates (Hoyos, 2010). D-error 
has been the most popular measure of design efficiency, which aims to produce the model 
that minimizes both standard errors and covariances of the parameter estimates (Scarpa & 
Rose, 2008). Considering the number of possible combinations of attributes and levels taken 
into account by an experimental design, two main types of experimental design might be 
used – full factorial design and fractional factorial design (Hoyos, 2010). A full factorial 
design includes all possible combinations of attributes and levels. Given that the number of 
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combinations may become too large and therefore too demanding and time consuming for 
the respondents, the fractional factorial designs are usually implemented. A fractional 
factorial design is a sample of the full design, which nevertheless allows the estimation of 
all effects of interest. To reduce the cognitive burden from answering a large number of 
choice sets, experimental design is usually blocked into a subset of choice sets and each 
respondent randomly assigned to a single block. The analysis of choice data is based on the 
random utility theory (RUT). As utility is a latent and unobservable construct, only indicators 
of utility are observed in the form of choices made by respondents. The utility of individual 
i from choosing alternative j among J possible alternatives in a choice situation t can be 
decomposed into an explainable or systematic component (Vijt) and a random component 
(ɛijt) (Lancsar & Louviere, 2008): 
 
𝑈𝑖𝑗𝑡 = 𝜇𝑉𝑖𝑗𝑡 + 𝑖𝑗𝑡 =  𝜇𝛽𝑥𝑖𝑗𝑡 + 𝑖𝑗𝑡     (1) 
 
where xijt is the vector of choice attributes and β is the vector of preference parameters 
associated with those attributes. The scale parameter μ is inversely proportional to the 
variance of the error term σƐ. As μ cannot be identified from a single data set, it is usually 
set to one (Lancsar & Louviere, 2008). Therefore, obtained utility estimates might vary not 
only because of differences in preferences for attributes (differences in means or systematic 
components), but also due to differences in variances (random utility terms) (Mandeville et 
al., 2014; Flynn, Louviere, Peters & Coast, 2010). As parameter estimates are confounded 
with scale, they cannot be directly compared across different models or data sets (Louviere, 
Flynn & Carson, 2010a).  
 
1.1 METHODOLOGICAL CHALLENGES 
 
One of the main issues surrounding DCEs is the choice task complexity and cognitive effort, 
especially when respondents are asked to trade between complex and unfamiliar goods and 
services such as those generally involved in environmental valuation (Campbell, Hutchinson 
& Scarpa, 2008; DeShazo & Fermo, 2002; Hoyos, 2010)..The choice attributes should 
comprehensively describe the key elements of a good being valued, while at the same time 
not imposing too large a cognitive burden on respondents. Otherwise, respondents might use 
heuristics and ignore some of the information presented to them in order to simplify the 
choice task, which may affect the validity of the DCE (Erdem & Thompson, 2014; Pedersen, 
Kjaer, Kragstrup & Gyrd-Hansen, 2011). On the other hand, omitting relevant attributes 
from the choice task may lead to the omitted variable bias if respondents’ choices are 
influenced by the attributes that are not included in the DCE (Witt, Scott & Osborne, 2009). 
The inclusion of all relevant attributes may be further complicated if some of the attributes 
are related and cannot be varied independently of each other. This is problematic because 
respondents often try to establish the meaning of alternatives and implausible or unrealistic 
combinations of attribute levels produced by an experimental design may stimulate 
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inappropriate choice heuristics and affect the weights assigned to choice attributes (Blamey, 
Bennett, Louviere, Morrison & Rolfe, 2002; Mandeville et al., 2014). 
 
Another important issue is a hypothetical bias or discrepancy between hypothetical and true 
behavior (i.e. between the stated WTP and the amount respondents would be willing to pay 
in reality). Examining the external validity of estimates, i.e. agreement with revealed 
preferences, would provide the strongest test of the validity of DCE estimates. However, 
observing the actual behavior is often not possible. In the absence of information on revealed 
preferences, researchers may focus on the measures of convergent validity or may inspect 
the decision behavior of respondents. A common finding in the stated preference literature 
is that indirect methods for estimating WTP values, such as DCE, produce higher WTP 
estimates than direct methods, such as contingent valuation (CV) which directly asks 
respondents how much they would be willing to pay for a change in provision of the good 
under investigation (Ryan & Watson, 2009; van der Pol, Shiell, Au, Johnston & Tough, 
2008).  
 
Lexicographic preferences, emerging when a respondent focuses on a subset of attributes 
when making choices, are also a common issue that raises concerns for estimated utility and 
WTP values (Bech, Kjaer & Lauridsen, 2011). For example, if respondents ignore the cost 
attribute and their choices are entirely driven by other attributes, the WTP values cannot be 
identified (Scarpa, Thiene & Hensher, 2012). On the other hand, respondents could have 
strong preferences for service fees and not be willing to trade-off fees with any other attribute 
included in a DCE (Pedersen et al., 2011). In this context, DCEs may be susceptible to protest 
responses often observed in CV studies, in which the respondent indicates that the resource 
is indeed important but he is not willing to pay for it (Bech et al., 2011; Jobstvogt, Watson 
& Kenter, 2014; Pedersen et al., 2011). For example, some respondents could protest against 
the introduction of user fees for a health care service which had previously been free of 
charge (or act strategically to lower the potential out-of-pocket payment in the future by 
always choosing a choice option with the lowest price or an opt-out or status quo option (if 
available) that does not include any out-of-pocket payment (Pedersen et al., 2011). Attribute 
non-attendance, i.e. ignoring one or more attributes when making choices, violates the 
assumption of compensatory behavior which implies the unlimited substitutability between 
attributes – for any pair of attributes, it is assumed that there always exists some level of 
improvement in one attribute which can compensate deterioration in the level of another 
attribute, while leaving the individual at the same level of utility (Hoyos, 2010). The choice 
literature suggests that non-attendance to the choice attributes may be a widespread issue 
that affects the validity of a DCE, and therefore warrants more concern (Carlsson, Kataria 






1.2 RESEARCH GOALS AND QUESTIONS 
 
Two separate surveys were conducted to examine the methodological issues discussed 
above. One survey, conducted at the School of Dental Medicine, University of Zagreb, 
Croatia, addressed the methodological issues in estimating WTP through DCEs. The 
findings of this survey are reported in the first four papers included in this dissertation. The 
first paper, entitled ‘Valuing the delivery of dental care: Heterogeneity in patients’ 
preferences and willingness-to-pay for dental care attributes’, performs typical policy 
analysis associated with DCEs: the welfare and probability analysis. It examines the relative 
importance and WTP for selected attributes of dental care delivery at the school clinic. As 
patients often have diverse expectations and preferences for health care interventions, it is 
important to consider heterogeneity in their preferences when estimating WTP for health 
care. Studies have shown that ignoring preference heterogeneity may bias the utility and 
WTP estimates derived from a DCE study (Goossens et al., 2014; Hole, 2008). This paper 
investigated if preferences for dental care were characterized by heterogeneity, and if 
potential heterogeneity could be explained by individual characteristics of patients. By 
performing probability analysis, this paper also investigated how patients would respond to 
the introduction of service fees at the school clinic. Discrete choice experiments are 
considered particularly suitable for evaluating customers’ responses to the hypothetical 
changes in the market, which is of utmost importance when introducing changes in a health 
care system (Kiiskinen, Suominen-Taipale & Cairns, 2010). 
 
This paper tried to answer the following: a) what the relative importance and WTP for 
selected attributes of dental care delivery at the school clinic is, b) if preferences for dental 
care were characterized by heterogeneity, and if potential heterogeneity could be explained 
by individual characteristics of patients, and c) how much the uptake of dental care at the 
school clinic may be affected by the introduction of service fees at the school clinic and by 
the changes in other attributes of dental care.  
 
The second paper, entitled ‘Cost attribute in a discrete choice experiment: Just adding 
another health care attribute or a trigger of change in the stated preferences?’ examines the 
effect of including an opt-out option and the cost attribute on the response error variance and 
elicited preferences for the delivery of dental care. Different survey design features, such as 
the selection of attributes and their levels, may affect the choice behavior of respondents and 
estimated utility weights (DeShazo & Fermo, 2002; Hensher, 2006a; Pedersen et al., 2011). 
The cost attribute is particularly important in this context, as estimating the welfare measures 
for policy-making purposes is the objective of many health DCEs. The inclusion of the cost 
attribute may stimulate respondents to change their choice behavior, which may be 
dependent on whether an opt-out option has been offered or not (Pedersen et al., 2011). Not 
including an opt-out option (e.g. a 'neither' alternative or a status quo option) may make the 
choice task less realistic and affect the validity of the DCE (Mandeville et al., 2014; 
Veldwijk, Lambooij, de Bekker-Grob, Smit & de Wit, 2014). Existing studies suggest that 
5 
 
this option should always be applied when such an alternative is available in real life 
(Lancsar & Louviere, 2008). 
  
This paper tried to answer the following: a) how adding/excluding an opt-out option affects 
the preference structure and magnitude of response error variance, b) how adding/excluding 
the cost attribute affects the preference structure and magnitude of response error variance, 
and c) whether adding an extra cost attribute affects the consistency in individuals’ 
preferences for other choice attributes. 
 
The third paper, entitled ‘Contingent valuation and discrete choice experiments in estimating 
willingness-to-pay for health care: Examining strategic behavior and attribute non-
attendance’, compares WTP for dental care at the school clinic estimated through DCE and 
CV methods. These are the main stated preference methods used to estimate WTP measures 
(Kjaer, 2005). In the CV, respondents are presented with a hypothetical scenario that 
describes a specific health care intervention and directly asked how much they would be 
willing to pay for it. Directly eliciting WTP may be cognitively difficult for the respondent, 
and is considered susceptible to protest and strategic behavior (Ryan, 2004; Venkatachalam, 
2004). Respondents may act strategically and under-report their true WTP to reduce the price 
that should be paid for the intervention (Vernazza et al., 2015). The literature suggests that 
DCEs are less susceptible, but not immune to such response behavior (Grutters et al., 2008; 
Hanley, Mourato & Wright, 2001; Kjaer, 2005; Pedersen et al., 2011). There is also a limit 
on how much information respondents can handle when making choices (DeShazo & Fermo, 
2002). A number of DCE studies have shown that respondents often employ heuristics to 
simplify the choice task and ignore one or more attributes when making choices, which may 
lead to the biased WTP estimates (Carlsson et al., 2010; Hensher et al., 2005a; Hole et al., 
2013). While non-attendance to other than the cost attribute may reflect the true preferences 
of respondents (e.g. an attribute is truly not relevant for some respondents and therefore they 
are not willing to pay for it) (Hole, Norman & Viney, 2016; Lanz & Provins, 2013), ignoring 
the cost attribute warrants more concern, as its coefficient (negative of) is used as a proxy 
for marginal utility of income. For respondents with zero marginal utility of income, the 
individual WTP is not identified, and the overall distribution of WTP does not have finite 
moments (Scarpa et al., 2012). This paper investigated whether DCE and CV methods yield 
comparable welfare estimates, and if the potential discrepancy in welfare estimates could be 
explained by the strategic behavior of respondents when directly asked about their WTP and 
by the non-trading behavior (i.e. attribute non-attendance) of respondents when making 
choices in a DCE.  
 
This paper tried to answer the following: a) how much are direct estimates of WTP for dental 
care, estimated through the CV method, affected by the strategic behavior of respondents, b) 
whether non-attendance to the cost attribute in a DCE raises concerns for estimated welfare 





The fourth paper, entitled ‘Estimating attribute-specific willingness-to-pay values from 
contingent valuation study: A choice modelling approach’, is focused on the main limitation 
of CV studies compared to DCEs – their inability to provide estimates for specific attributes, 
but only for a good as a whole. The CV method provides a direct measurement of 
respondents' WTP, thereby avoiding issues raised by ignoring the cost attribute in DCE 
studies. However, a typical CV study offers no information about the value of the individual 
attributes that comprise a good (Hynes, Campbell & Howley, 2011). This can be an 
important limitation, and this paper introduces a choice modelling approach to derive the 
attribute-specific WTP values from the holistic WTP values estimated through the CV 
method, which is based on synthesizing the data from an additional valuation task in a form 
of combined best-worst scaling (BWS) and binary DCE questions, also known as best-worst 
choice (BWC) technique (Soto, Adams & Escobedo, 2016). Best-worst scaling is a type of 
choice experiment that asks respondents to choose the best and the worst attribute (object 
case BWS) or attribute level (profile case BWS) from a single profile (scenario), rather than 
to choose their preferred scenario among two or more scenarios on offer as in a DCE (Flynn, 
Louviere, Peters & Coast, 2007; Lancsar, Louviere & Flynn, 2007). The proposed 
methodology could be a valuable alternative to traditional DCEs when the choice behavior 
of respondents raises concerns over the validity of estimated welfare measures. 
 
This paper tried to answer the following: a) whether choice data can be used to derive 
attribute-specific WTP estimates from holistic WTP estimates obtained through CV (i.e. if 
derived estimates are conceptually consistent with traditional welfare measures), and b) 
whether attribute-specific WTP estimates derived from a CV study are consistent with the 
corresponding WTP estimates from a DCE. 
 
The second DCE survey examined the issues of cognitive burden and omitted variable bias 
due to the complex choice contexts often encountered in environmental valuation. It was 
conducted in the Medvednica Nature Park, a protected forest area on the outskirts of the City 
of Zagreb, the capital of Croatia, and evaluated the preferences of trail users for different 
resource, social and managerial conditions in the park.   
 
The fifth paper, entitled ‘Providing information to respondents in complex choice studies: A 
survey on recreational trail preferences in an urban nature park’, discusses survey design 
features – type of information presented to respondents (multidimensional vs. 
unidimensional attributes), and type of experimental design used to deliver information to 
respondents (full profile vs. partial profile design) – that may help in finding the optimal 
balance between the interests in various attributes (i.e. omitted variable problem) on the one 
hand and complexity of the choice task on the other (DeShazo & Fermo, 2002; Witt et al., 
2009). The number of relevant choice attributes may be large and impose too high a cognitive 
burden on respondents (Zhang, Johnson, Mohamed & Hauber, 2015). When asked to process 
too much information when making choices, respondents may alter their decision rules in 
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order to simplify the choice task (Colombo & Glenk, 2014; DeShazo & Fermo, 2002; Erdem 
& Thompson, 2014). This may contribute to an increased error variance and affect the 
validity of utility estimates (Dellaert, Donkers & van Soest, 2012). On the other hand, 
ignoring relevant attributes may lead to the omitted variable bias, i.e. respondents may be 
influenced by attributes that are not included in a DCE (Witt et al., 2009). To find the balance 
between the possibility of omitted variable bias and cognitive burden, we designed two 
different choice experiments that differed in the provision of information about the 
recreational setting. A split sample approach was used.  One DCE used a full profile design 
(in which all attributes appear in each choice set) and multidimensional attributes to keep 
the number of choice attributes manageable for the respondents, while considering all 
relevant aspects of visitors’ experience. The other DCE used a greater number of more 
specific, unidimensional, attributes to describe the same recreational setting, which were 
presented by using a partial profile design. Such experimental design allows keeping the 
levels of specified number of attributes constant in each choice task (Kessels, Jones & Goos, 
2012), and, therefore, the number of attributes presented in each choice task identical across 
the two experiments. We tested how different presentation of information about a 
recreational setting affects perceived difficulty of the choice task, self-reported choice 
certainty, decision behavior of respondents, utility estimates and response error variance.  
 
This paper tried to answer the following: a) whether different information provision 
strategies influence the complexity of choice task, certainty in choices and propensity to non-
compensatory choice behavior, b) whether different information provision strategies affect 
the utility estimates and error variance (or choice consistency), and c) whether the 
identification of segments in the study population is affected by the information provision 
strategy. 
 
The sixth paper, entitled ‘Designing a choice study with correlated attributes: A structural 
choice modelling approach to the crowding in an urban nature park’, develops a new 
approach to dealing with correlated or causally-related choice attributes. Environmental 
conditions are often inter-related and as such cannot be simultaneously included in a DCE. 
Respondents often try to establish the meaning of alternatives and implausible or unrealistic 
combinations of attribute levels produced by an experimental design may stimulate 
inappropriate choice heuristics and affect the weights assigned to choice attributes (Blamey 
et al., 2002; Mandeville et al., 2014). To deal with this issue as well as with the ambiguity 
when using multidimensional choice attributes (as respondents might be focused on different 
aspects of those attributes when making choices), a linked structural choice model was 
designed. This model was used to link the two choice experiments (DCE and BWS) and 
investigate the amount of variability in multidimensional attributes (crowding on trail and 
intensity of road traffic, evaluated within a DCE) explained by each of its sub-dimensions 
(i.e. perceptions of specific crowding-related conditions, evaluated within an object case 
BWS experiment due to correlation issues). Our approach offers richer information to policy 
makers than other solutions to the attribute correlation or causality issues, namely the 
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exclusion of some relevant attributes or simply their aggregation into a single composite 
attribute. 
 
This paper tried to answer the following: a) whether correlation/causality issues in DCEs 
could be avoided by linking two different choice experiments, and b) which crowding-
related site conditions trail users considered the most when choosing their preferred trail 
experience described by different levels of crowding (among other trail attributes) (i.e. how 






2 Paper 1: VALUING THE DELIVERY OF DENTAL CARE: 
HETEROGENEITY IN PATIENTS’ PREFERENCES AND 




Objectives: To examine the amount of heterogeneity in patients’ preferences for dental care, 
what factors affect their preferences, and how much they would be willing to pay for 
improvement in specific dental care attributes. 
Methods: A discrete choice experiment (DCE) was used to elicit patients’ preferences. Three 
alternative dental care services that differed in the type of care provider, treatment 
explanation, dental staff behavior, waiting time and treatment cost were described to 
patients. Patients (n=265) were asked to choose their preferred alternative. The study was 
conducted at a public dental clinic of the School of Dental Medicine, University of Zagreb. 
Mixed logit and latent class models were used for analysis. 
Results: On average, the patients would be willing to pay HRK 335 (€45) for getting a 
detailed explanation of treatment over no explanation. This was the most valued attribute of 
dental care, followed by dental staff behavior with marginal willingness-to-pay (WTP) of 
HRK 208 (€28). Dental care provided by the faculty members and private dental care were 
valued similarly, while student-provided care was valued HRK 173 (€23) less. Patients also 
disliked longer waiting time in the office, but this was the least important attribute. Four 
classes of patients with distinct preferences for dental care were identified. Older and/or 
more educated patients tended to give relatively less importance to treatment explanation. 
Higher education was also associated with a higher propensity to substitute faculty dental 
care with the private care providers. 
Conclusions: Large heterogeneity in patients’ preferences was detected. Understanding their 
preferences may improve the delivery of dental care.  
Clinical significance: Dental care providers should pay particular attention to providing a 
detailed treatment explanation to their patients. Dental care for older and/or more educated 
patients should be more attentive to interpersonal characteristics. Faculty dental care 
provided by faculty members could be price competitive to private care, and student-
provided care more affordable. 
 
Keywords: dental care; discrete choice experiment; preference heterogeneity; willingness-





Understanding patients’ preferences for different types (public vs. private) and attributes of 
a health care service, and also factors that influence their preferences, is valuable for policy 
makers in developing health care programs and planning the provision of specific services 
(de Bekker-Grob et al., 2010). Health care services, including dental interventions, usually 
involve difficult decisions on the optimal allocation of limited resources (Vernazza et al., 
2015; Lancsar & Louviere, 2008; Erdem & Thompson, 2014). Conversely, only a limited 
amount of research examined patients’ preferences or WTP for dental care, especially when 
delivered by the dental school clinics or through the public health care system in general 
(Vernazza et al., 2015; Kiiskinen et al., 2010; Bech et al., 2011; Tan, Vernazza & Nair, 2017; 
Kim et al., 2012). As publicly funded health care is under increasing financial pressure, 
governments often encourage market-oriented reforms and reduced state intervention 
(Giovanella & Stegmuller, 2014). Under such circumstances, public health care facilities, 
including dental school clinics, are often forced to seek alternative funding sources on the 
real market, such as introduction of fees or out-of-pocket payments for their services (Kim 
et al., 2012).  
 
Stated preference methods, such as discrete choice experiments (DCEs), have been 
commonly used to elicit preferences of patients, to assign monetary values to (attributes of) 
health care services and to predict the uptake of specific services (de Bekker-Grob et al., 
2010; Lancsar & Louviere, 2008; Kiiskinen et al., 2010; Bech et al., 2011; Tan et al., 2017; 
Viney, Savage & Louviere, 2005; Goossens et al., 2014). Discrete choice experiments 
describe a good (e.g. dental care treatment) in terms of a number of characteristics or 
attributes (e.g. waiting time, price of the treatment, etc.). The attributes can take different 
values, which are combined to describe different choice alternatives (e.g. 10-min waiting 
time and price of €10 vs. 20-min waiting time and price of €7). Two or more alternatives are 
offered in each choice set, and respondents are asked to choose their preferred alternative. 
Respondents’ choices imply implicit trade-offs between the levels of the attributes they 
would be willing to make, which could be used to estimate the weight or relative importance 
people assign to various service attributes (Hoyos, 2010; Mandeville et al., 2014; Hol et al., 
2010). When the cost is included as an attribute, the marginal utility estimates from the DCE 
model can be converted into willingness-to-pay (WTP) estimates for improvements in the 
levels of other attributes. 
 
A DCE was conducted to get deeper insight into the preferences of dental patients. A survey 
was administered at the dental clinic of the School of Dental Medicine, University of Zagreb, 
Croatia, which serves as a platform for student training. School clinic is a part of public 
health care system, so dental care is free of any out-of-pocket payments. The choice 
experiment investigated how much patients value different attributes of dental care and how 
much they would be willing to pay for specific improvements in the delivery of dental care, 
while accounting for the heterogeneity in patients’ preferences. As patients often have 
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diverse expectations and preferences for health care interventions, it is important to account 
for preference heterogeneity when analyzing the choices among alternative dental care 
services and deriving WTP estimates. Studies have shown that ignoring preference 
heterogeneity may bias the utility estimates derived from DCE study (Goossens et al., 2014; 
Hole, 2008). The amount of preference heterogeneity in the delivery of dental care and the 
factors that affect patients’ preferences were examined by using the mixed logit and latent 
class models. These models can provide information on the underlying structure of 
heterogeneity, thereby supporting greater individualization of health care and identifying 
potential winners and losers of specific health care programs. Furthermore, a DCE model 
investigated to what extent, if any, patients prefer faculty dental care service over a service 
in private dental offices, and how would they respond to the introduction of service fees at 
the school clinic. Discrete choice experiments are considered particularly suitable for 
evaluating customers’ responses to the hypothetical changes on the market. This is an 
important consideration, as health care managers often pay too little attention to the 
behavioral responses of patients when planning the changes in the delivery of health care 
(Kiiskinen et al., 2010).  
 
The aims of this study were therefore to provide information on the optimal allocation of 
available resources at the dental school clinic, to support greater individualization of dental 
care and to provide an insight into the outcomes of different dental care programs. 
Considering these aims, this paper tried to answer the following: a) what is the relative 
importance and WTP for selected attributes of dental care delivery at the school clinic, b) if 
preferences for dental care are characterized by heterogeneity, and if potential heterogeneity 
could be explained by individual characteristics of patients, and c) how much the predicted 
uptake of alternative dental care providers would be affected by the changes in the attributes 
of dental care delivery at the school clinic. This information is indispensable in improving 





2.2.1 Data collection 
 
A survey was conducted at the School of Dental Medicine, University of Zagreb, Croatia. 
Ethical approval for the study was obtained by the Ethical Committee of the School. Patients 
who attended the clinic of the Department of Endodontics and Restorative Dentistry were 
surveyed from March 2016 to January 2017 by using a structured questionnaire. The initial 
sample selection was performed at the department appointment desk where patients were 
systematically allocated to one of the student groups led by a specific faculty member. Only 
one group was surveyed on a single data collection occasion, which was carried out at 
different times of the day during two different weekdays, depending on the student clinic 
working hours, throughout the survey period. The main method of data collection was self-
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administration, but face-to-face interview was used in some cases (e.g. older respondents). 
Colgate toothbrushes and toothpastes were used as an incentive for respondents to participate 
in the survey. The response rate was 84%. A total of 592 questionnaires were collected. A 
split-sample design was used in which the order of questionnaires was randomized by using 
the proc plan procedure in SAS. Participants were allocated to either a traditional DCE 
survey (n=275) or to other surveys based on the contingent valuation and best-worst choice 
methods (n=317, of which a subset (n=75) was used to test a WTP elicitation approach not 
included in this dissertation) that evaluated patients’ preferences and WTP for dental care. 
This paper analyzed responses to the DCE survey. A total of 265 respondents had valid 
responses to all DCE tasks (Figure 2.1). 
 
Figure 2.1: Study flow chart 1 
 
Source: Own work. 
 
2.2.2 Questionnaire design 
 
The paper-based questionnaire addressed the primary motivation of patients for having a 
dental care at the school clinic, followed by the perceived importance of selected dental care 
attributes and DCE tasks that evaluated patients’ preferences for the attributes of dental care. 
After completing the choice tasks, they were asked follow-up questions on their decision 
behavior, certainty in choices and perceived choice task complexity. Choice task complexity 
was measured on a four-point Likert scale anchored by 1=’Very difficult to answer choice 
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questions’ to 4=’Very easy to answer choice questions’, and choice certainty on a ten-point 
Likert scale ranging from 1=’Very uncertain’ to 10=’Very certain’ (Bech et al., 2011). Final 
part of the questionnaire addressed the background information of respondents (age, gender, 
education, family income, perceived quality of faculty dental care and their experience with 
the dental care providers). The questionnaire was preliminary tested. A pilot study (n=50) 
was conducted to ensure that patients find the choice attributes important, and that they 
understand and could manage the choice task at hand. After the pilot study, adjustments to 
wording and layout were made. 
 
2.2.3 Selection of attributes for DCE study 
 
Selection of the relevant choice attributes and their levels was based on the literature review, 
expert opinion of the faculty staff and the pilot survey. The literature was searched for studies 
focused on the choice of dental care providers and health care providers in general, and on 
the patient preferences for health care interventions. PubMed and Web of Science databases 
were used. A number of health studies found that the expertise and experience of providers 
are important attributes of a health care service (Victoor, Delnoij, Friele & Rademakers, 
2012). Information provision, provider atmosphere and waiting time were also identified as 
influential factors in patients’ preferences for the health care service. More specifically, a 
study of Kim et al. (2012) suggested that the quality of care, professional competence of 
dentist, explanation of the treatment/patient participation in the treatment decision, ability to 
get appointments at a convenient time, reasonable waiting time to get appointment and 
attitude/helpfulness of staff are the most important factors in the choice of a dentist. Out-of-
pocket costs were also identified as an important factor (Kiiskinen et al., 2010). A focus 
group meeting was held with several professors from the Department of Endodontics and 
Restorative Dentistry who had long-term experience at the dental school clinic. Their 
experience helped in refining the attributes and their levels, so that offered scenarios are as 
realistic as possible, and that DCE provides the relevant information to policy makers. The 
selected levels for the price attribute were based on the findings from pilot study (n=50), in 
which the contingent valuation method (Carson & Czajkowski, 2014) was used to elicit 
patients’ WTP for dental care at the school clinic, while considering the average market price 
for the hypothesized treatment in private dental offices. The attributes and their levels 





Table 2.1: Choice attributes and their levels 2 
Attribute 
Attribute levels 
Faculty dental care 
provided by a student 
(supervised by faculty 
member) 
Faculty dental care 
provided by a faculty 
member 
Private dental care 
provided by a DMDa 
Explanation of dental treatment Detailed, None Detailed, None Detailed 
Dental staff behavior 
Warm and friendly, 
Formal and inattentive 
Warm and friendly, 
Formal and inattentive 
Warm and friendly 
Waiting time in the office 5, 20 min 20, 45 min 5 min 
Out-of-pocket cost (HRK)b 0, 75, 150, 300 150, 300, 375, 450 500 
a DMD = ‘Doctor of Dental Medicine’. 
b Prices are given in Croatian Kuna (HRK). The average annual exchange rate between the Euro and HRK for 2016 was 
EUR 1 = HRK 7.5 (http://ec.europa.eu/eurostat/web/exchange-rates).  
Source: Own work. 
 
2.2.4 Experimental design 
 
Choice sets and alternatives in DCE studies are generated by an experimental design, which 
usually tries to minimize standard errors and covariances of the parameter estimates (Scarpa 
& Rose, 2008). An alternative-specific design was used, where the attribute levels for 
waiting time in the office and out-of-pocket costs were allowed to differ across the three 
alternative dental care providers on offer (i.e. students, faculty members and private dental 
care providers). Furthermore, due to the partial overlap in the levels of the cost attribute 
between students’ and faculty members’ treatments, an additional restriction was imposed 
on the experimental design to avoid the choice sets in which the out-of-pocket cost for 
faculty member was not higher than the cost for student-provided treatment. Design strategy 
followed the recommendations from the faculty staff about the realistic levels of the 
attributes, the findings of pilot study and similar studies that used alternative-specific design 
to avoid unrealistic choice alternatives that would make the choice task less credible and 
therefore discourage respondents from engaging with the task (de Bekker-Grob et al., 2010; 
Kiiskinen et al., 2010; Viney et al., 2005; Mandeville et al., 2014; Blamey, Bennett, 
Louviere, Morrison & Rolfe, 2000; Kruijshaar et al., 2009). 
 
The full factorial experimental design produces 1024 (26 x 42) possible combinations of the 
attribute levels. To reduce the number of alternatives to a manageable level so that the choice 
task is less cognitively demanding and time-consuming for respondents, a D-efficient 
fractional factorial design was used. A D-efficient design, which tries to minimize variances 
and covariances of parameter estimates, was generated in the SAS software (Kuhfeld, 2010). 
The resulting 32 choice sets were split into four blocks of eight choice sets to reduce 
respondent burden. Each choice set contained two alternative faculty dental care services 
(one provided by a student and the other by a faculty member), and an opt-out option of 
having the same treatment at a private dental practice at the average market price of HRK 




Figure 2.2: Example of a choice set 3 
Source: Own work. 
 
2.2.5 Sample size 
 
There is limited guidance on sample size calculation for DCE studies, as it depends on the 
true values of unknown attribute parameters (Lancsar & Louviere, 2008). Previous studies 
suggested that 50 responses per choice set may be sufficient for reliable statistical analyses 
(Hensher, Rose & Green, 2005b). Another rule of thumb is based on the number of choice 
tasks (t), number of alternatives (a) and the largest number of levels for any of the attributes 
(c): N > 500c/(t x a) (Orme, 2010). Following these rules of thumb, we aimed at reaching at 
least 200 to 250 respondents, and the final data set included 265 dental school patients.  
 
2.2.6 Statistical analysis 
 
Econometric analysis of DCE data is based on the random utility theory (Flynn et al., 2010). 
As the utility is latent and unobservable construct, only indicators of utility are observed in 
form of choices made by respondents. The utility of individual i from choosing alternative j 
among J possible choices is decomposed into systematic component (Vij) and random 
component (ɛij) (Lancsar & Louviere, 2008): 
 
𝑈𝑖𝑗 = 𝑉𝑖𝑗 + 𝑖𝑗 = 𝑋𝑖𝑗
′ 𝛽 + 𝑖𝑗      𝑗 = 1, … , 𝐽          (1) 
 
where 𝑋𝑖𝑗
′  is the vector of choice attributes and β is the vector of preference parameters 
associated with the attributes. Choosing one alternative over the others implies that the utility 
derived from the chosen alternative is higher than the utility derived from other alternatives. 
Different models can be used to estimate Eq. (1). Mixed logit model (MXL) and latent class 
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model (LCM) have important advantages over a standard multinomial logit (MNL) model, 
as they relax the assumption of independence of irrelevant alternatives (IIA) and the 
assumption of preference homogeneity, which may lead to biased parameter estimates 
(Kiiskinen et al., 2010; Hole, 2008; Train, 2009). They also account for clustering of 
responses, as multiple choices are usually obtained from each individual. 
 
Mixed logit model (MXL) is a generalization of the standard MNL model that explicitly 
accounts for unobserved preference heterogeneity by attaching a random component to the 
model attributes, thereby allowing the model parameters to vary over individuals (Train, 








𝑓(𝛽|𝜃)𝑑𝛽          (2) 
 
where f(β|θ) is a density function of β described by the parameters θ. This probability is a 
weighted average of the logit function evaluated at different values of β, and the weights are 
given by the density function of β. The density of β has to be specified by the researcher, 
and the parameters that describe that density are estimated. The choice probabilities are 
approximated through simulations. For R replications (R draws of β from f(β|θ)) the 













          (3) 
 
where βr is the value of r-th draw of β from f(β|θ). The simulated probabilities are inserted 
into the log-likelihood function to give a simulated log-likelihood: 
 





          (4) 
 
where dik = 1 if respondent i chooses alternative k and zero otherwise. The maximum 
simulated likelihood estimator (MSLE) is the value of θ that maximizes simulated log-
likelihood (SLL). 
 
The drawback of the MXL framework is that for each attribute the researcher has to 
determine which parameters should be modeled as randomly distributed, and make 
                                                          
1 The scale parameter, which is inversely proportional to the variance of the error term σƐ and scales the true 
parameter estimates, was left out from the equation as it cannot be identified and is usually normalized to one 
(Hoyos, 2010). As parameter estimates are confounded by the scale, they cannot be directly compared across 
different models or contexts (Louviere et al., 2010a). 
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assumptions on the appropriate distribution (Hoyos, 2010). The choice of distribution is an 
arbitrary decision as a priori information about the shape of distribution is usually scarce and 
limited to a sign constraint (Campbell, Vedel, Thorsen & Jacobsen, 2014). Most applications 
assume normal distribution for random coefficients (Hoyos, 2010). When the cost attribute 
is included, respondents’ choices indicate how much they would be willing to pay for 
improvement in other attributes. Marginal WTP can be calculated by using the following 





          (5) 
 
where βcost is the marginal utility of income (assumed to be equal to the negative of the price 
coefficient). The mean marginal WTP is estimated by taking the average over the sample 
distribution of WTPi coefficients. Mixed logit model was estimated in Stata by using the 
mixlogit command with 500 Halton draws. 
 
In contrast to the MXL model which uses continuous distribution to model preference 
heterogeneity across individuals, the LCM model identifies the groups of respondents with 
distinct preferences (Flynn et al., 2010). The latent class membership is usually associated 
with socio-demographic characteristics and attitudes of individuals (Zi) (Mandeville et al., 
2014; Boxall & Adamowicz, 2002). The probability that individual i chooses jth alternative 
is specified as the product of class membership probability and probability of choosing 
alternative j conditional on class membership (Boxall & Adamowicz, 2002): 
 















          (6) 
 
where l is the number of identified latent classes. Parameters βl represent marginal utilities 
of each attribute conditional on class membership, i.e. the class-specific parameter estimates. 
The values of parameters γ and β are estimated by means of maximum likelihood method, 
by maximizing the following log-likelihood function: 
 





          (7) 
 
where dik = 1 if respondent i chooses alternative k and zero otherwise. The number of classes 
is not specified a priori, but based on statistical and theoretical criteria (Flynn et al., 2010). 
In this paper, the selection of the optimal number of classes was guided by the Bayesian 
Information Criterion (BIC), and by the parsimony and policy-relevance of obtained 






2.3.1 Descriptive statistics 
 
The socio-demographic characteristics of respondents and their perception of the faculty 
dental care are summarized in Table 2.2. The average age of respondents was 37. Most of 
them were female and every second finished high education. The majority of respondents 
(63%) reported a total monthly family income between HRK 3,501 (€467) and HRK 10,500 
(€1,400). Service quality was a primary motive for visiting the dental school clinic, followed 
by recommendation from a primary care dentist. The majority of patients had prior 
experience with dental care at the school clinic and in private dental practices. A vast 
majority of patients were (very) satisfied with the faculty dental care, which was rated 
favorably by almost half of respondents (46%) compared to a private dental care. 
 
2.3.2 Mixed logit model 
 
Alternative-specific constants (ASCs) were included in the model to indicate the general 
attitude of patients towards faculty dental care service compared to dental care in private 
practice. They were dummy-coded with ASCFACM (ASCSTUD) taking a value of 1 if dental 
care is provided by a faculty member (by a student), and 0 otherwise. Other categorical 
variables were effect-coded, so that ASCs only capture the preference for the type of care 
provider, without capturing the effects of other attributes that emerge with dummy coding 
(Bech & Gyrd-Hansen, 2005). With the effect-coded attributes, the parameter estimate for 
reference level is equal to the negative sum of the estimates for other attribute levels. The 
cost attribute was treated as a continuous variable with a linear effect. The underlying 
relationship between the cost and utility was tested by treating this attribute as a categorical 
variable, which revealed that the assumption of linearity was appropriate. This was 
confirmed by comparing the fit of the two models by the likelihood ratio (LR) test (p=0.161).  
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Table 2.2: Profile and perceptions of respondents 4 
Variable % Mean Std. Dev. Min Max 
Age   37.3 17.0 17 84 
Gender (% of females) 61.3     
Education (% with university degree) 50.7     
Family income (in HRK)      
  3,500 or lower 11.2     
  3,501 to 7,000 29.9     
  7,001 to 10,500  33.2     
  10,501 to 14,000 16.8     
  More than 14,000 9.0     
Primary motive for having dental care at the school clinic 
  Price of treatment 8.8     
  Service quality 47.8     
  Recommendation from primary care dentist 37.5     
  Other  5.9     
Prior experience with dental care at the school clinic 
  None 20.3     
  One visit 14.7     
  Two visits 12.4     
  More than two visits 52.6     
Prior experience with dental care in private dental practice 
  None 20.4     
  One visit 11.1     
  Two visits 6.0     
  More than two visits 62.6     
Perceived service quality at the dental school 
clinic 
93.7a 4.5 0.6 3 5 
Perceived service quality at the dental school clinic relative to private dental practices 
  Faculty dental care better 46.4b 2.6 1.3 1 5 
a based on scores of 4 or 5 on a 5-point Likert scale anchored by 1=’Very bad’ to 5=’Excellent’. 
b based on scores of 1 or 2 on a 5-point Likert scale anchored by 1=’Much better at the faculty’ to 5=’Much better at a 
private dental practice’. 
Source: Own work. 
 
All attributes besides the out-of-pocket cost, which was kept fixed, were modelled as random 
variables with normal distribution, which is a common practice in DCE studies (Hoyos, 
2010; Valck et al., 2014). 
 
With the alternative-specific design, due to the specific range of attribute levels for different 
alternatives, we could expect that marginal utilities for the same attribute are different across 
different alternatives (i.e. dental care providers). Then, the interactions between the 
alternative label and alternative-specific attributes should be introduced, so that the effect of 
an attribute is analyzed separately for each alternative (Blamey et al., 2000). However, when 
comparing the log-likelihoods of the unrestricted alternative-specific model and the 
restricted generic model (which assumes equal marginal attribute utilities across different 
care providers) the difference was not significant (LR test, p=0.892). This suggests that the 
simpler generic model, without the alternative-specific effects, might be sufficient (Blamey 
et al., 2000), and was used in the analysis. 
 
The vast majority of patients reported that the choice attributes had influenced their choices. 
Others (2%) who indicated that they had made random choices among the alternatives were 
excluded from the analysis. Patients were quite certain in their choices – 90% of them 
reported that they were (very) certain in their choices, and most of them (79%) could easily 
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manage the choice tasks. The results of MXL model are reported in Table 2.3. Non-
significant ASC term for dental care treatment provided by a faculty member indicates that 
patients value this type of dental care similarly to dental care provided by a DMD in private 
practice. On the other hand, ASC term for student-provided dental care was negative and 
highly significant. This suggests that, keeping all other attributes constant (at zero due to 
effect-coding), this alternative is less preferred than dental care provided by a DMD in 
private practice. Patients generally had strong preferences for getting a detailed explanation 
of treatment, encountering warm and friendly staff, shorter waiting time and lower fees. The 
standard deviations of the parameter estimates provide information on the variability in the 
preferences for particular attribute level among individuals (Valck et al., 2014). Large and 
statistically significant standard deviations, which indicate high variability in preferences, 
were attached to all random parameters except to 5-min waiting time in the office. 
 
Table 2.3: Results of MXL model 5 
Attributes Mean S.E. Std. Dev. S.E. 
ASCFACM –0.077 0.250 2.964*** 0.248 
ASCSTUD –1.119*** 0.356 3.669*** 0.285 
Explanation of treatment     
Detailed 1.081*** 0.101 0.954*** 0.112 
None –1.081    
Dental staff behavior     
Warm and friendly 0.671*** 0.077 0.599*** 0.102 
Formal and inattentive –0.671    
Waiting time in the office     
5 min 0.410*** 0.124 0.126 0.204 
20 min 0.165    
45 min –0.575*** 0.127 0.505*** 0.147 
Out-of-pocket cost –0.006*** 0.001 – – 
Log-likelihood –1478.24 
Number of responses 6360 
Sample size 265 
*** significant at 1% level. 
Source: Own work. 
 
The WTP estimates indicate that, on average, patients valued the treatment explanation the 
most, and would be willing to pay HRK 335 (€45) for getting a detailed explanation over no 
explanation (Table 2.4). The second most important attribute of a dental care service was 
dental staff behavior. On average, the respondents would be willing to pay an extra HRK 
208 (€28) if dental staff is warm and friendly instead of formal and inattentive. Care provided 
by a dental student was valued HRK 173 (€23) less than dental care provided by a DMD in 
a private dental office. Patients also disliked longer waiting time, and would be willing to 
pay HRK 115 (€15) less for a dental care if waiting time in the office increases from 20 to 





Table 2.4: Marginal WTP estimates (in HRK) 6 
Attributes Mean WTP 95% CI 
ASCFACM –11.9 (–86.9; 63.2) 
ASCSTUD –173.4*** (–261.2; –85.5) 
Detailed explanation 335.1*** (249.8; 420.4) 
Warm and friendly dental staff 208.1*** (148.1; 268.1) 
Waiting time in the office 5 minutes 38.0*** (14.7; 61.3) 
Waiting time in the office 45 min –114.7*** (–167.6; –61.8) 
Note: Confidence intervals (CIs) were calculated by using the delta method. 
Marginal WTP estimates for effect-coded attributes consider a change from the reference level. 
*** significant at 1% level. 
Source: Own work. 
 
The probability analysis was used to simulate the impact of introducing service fees at the 
dental school clinic and the impacts of changes in the levels of other attributes on the 
predicted uptake of specific dental care provider. The choice probabilities were simulated 
by using 500 Halton draws. The results of selected simulations are presented in Table 2.5. 
 
Table 2.5: Effects of changes in the attributes of faculty dental care on the average 
probability of uptake of different dental care providers 7 
Simulated scenario (change from baseline) 
Faculty dental care 
provided by a 
student 
Faculty dental care 
provided by a 
faculty member 
Private dental care 











'Current baseline' (ASCs + HRK 0 for faculty 
dental care) 
– 39% – 54% – 7% 
Single changes from 'Current baseline':       
Explanation of treatment       
Detailed +1% 40% +2% 56% –3% 4% 
None –3% 36% –4% 50% +7% 14% 
Dental staff behavior       
Warm and friendly +1% 40% +1% 55% –2% 5% 
Formal and inattentive –1% 38% –2% 52% +4% 11% 
Waiting time in the office       
5 min +1% 40% +1% 55% –2% 5% 
45 min –1% 38% –2% 52% +3% 10% 
       
Out-of-pocket cost       
'Fee baseline' (ASCs + HRK 330 for student + 
HRK 500 for faculty member) 
–1% 38% –20% 35% +20% 27% 
Single changes from 'Fee baseline':       
Explanation of treatment       
Detailed +4% 42% +5% 39% –9% 18% 
None –6% 32% –7% 28% +13% 40% 
Dental staff behavior       
Warm and friendly +3% 41% +3% 38% –6% 21% 
Formal and inattentive –4% 35% –4% 30% +8% 35% 
Waiting time in the office       
5 min +2% 40% +2% 37% –4% 23% 
45 min –3% 35% –4% 31% +7% 34% 
Multiple changes from 'Fee baseline':       
Detailed explanation + Warm and friendly staff + 
5 min for student + 20 min for faculty member 
+9% 47% +7% 41% –15% 12% 
No explanation + Formal and inattentive staff + 
20 min for student + 45 min for faculty member 
–7% 31% –15% 19% +23% 50% 




In the simulations, the ‘current baseline’ scenario with all non-price attributes at their 
average level (zero due to effect-coding) and with no out-of-pocket costs for faculty dental 
care was compared to the dental care scenarios in which the value of one of the attributes 
took more or less appealing level. Differences in the probability of choosing an alternative 
after the changes in the levels of specific attribute can be used to measure the relative 
importance of attributes (Lancsar et al., 2007). Among the non-price attributes, the 
explanation of the treatment had the largest predicted effect on the uptake of different care 
providers, with a 10% difference in the predicted uptake of private dental care depending on 
whether detailed or no explanation of treatment is included in the faculty dental care. The 
predicted effect of changes in dental staff behavior and waiting time in the office on the 
uptake of faculty dental care services was 5 to 6%. However, introducing the fees for dental 
care at the school clinic (HRK 330 (€44) for a student and HRK 500 (€67) for a faculty 
member) would have the largest effect on the predicted uptake of different care providers. 
When this ‘fee baseline’ is used, the faculty dental care without a detailed explanation of 
treatment would increase the predicted uptake of private dental care by as much as 22% 
compared to providing a detailed treatment explanation. The changes in the levels of dental 
staff behavior and waiting time in the office would affect the probability of choosing faculty 
dental care by 14% and 11%, respectively. 
 
The probability analysis was also used to predict the impact of simultaneous changes in 
multiple attributes. Taking into account ‘fee baseline’ scenario, the model predicts that 
faculty dental care with no explanation of treatment, formal and inattentive staff behavior, 
20-min waiting time in the office for student care and 45-min for care provided by a faculty 
member would encourage 31% of patients to choose dental school care provided by a 
student, 19% a dental care provided by a faculty member, while every second patient would 
choose a dental care provided by a DMD in private dental practice. However, if faculty 
dental care would be more appealing, with a detailed explanation of treatment, warm and 
friendly staff behavior, 5-min waiting time in the office for a student and 20 min for a faculty 
member this would increase the predicted uptake of student-provided dental care for 16%, 
of dental care provided by a faculty member for 22%, while the predicted uptake of private 
dental care would be reduced by as much as 38%.  
 
2.3.3 Latent class model 
 
Latent class model was used to investigate unobserved preference heterogeneity by 
identifying the groups of patients with distinct preferences for dental care. A five-class 
solution was supported by BIC information criterion (BIC=2,997.7 compared to 
BIC=3,978.6 for one-class model). However, the model with four classes (BIC=3,021.9) had 
higher policy relevance (i.e. more distinct differences between the groups) and was selected 
as the final model. Among the variables related to socio-demographic characteristics and 
attitudes of patients (i.e. age, gender, education, income and perceived quality of faculty 
dental care), their age and education were significant determinants of the class membership 
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(Table 2.6). Younger age and lower education level increased the probability of belonging 
to Class 1, which accounted for 48% of the sample. Members of this class would prefer the 
dental care service at the dental school clinic over private dental care, provided by either 
faculty members or students. They also had strong preferences for the detailed explanation 
of the treatment, warm and friendly dental staff behavior and shorter waiting time in the 
office. On the other hand, while the members of Class 2 (28% of the sample) indicated 
somewhat lower sensitivity to waiting time, they would prefer the dental care treatment 
provided by a DMD in private dental practice over faculty dental care treatment, especially 
if the latter is provided by a student. While age was not a significant predictor of Class 2 
membership, the members of this class tended to have below-average education level. The 
probability of belonging to Class 3 (16% of the sample) increased with the age and education 
of patients, and they would prefer dental care provided by a faculty member at the dental 
school clinic over a DMD in private dental practice, while they were indifferent between the 
latter and student-provided dental care. The members of Class 4 (8% of the sample), with 
above-average education level, dominantly choose the opt-out option, thereby revealing 
strong preferences for dental care in a private dental practice.  
 
Table 2.6: Results of LCM model 8 
Attributes Class1 S.E. Class2 S.E. Class3 S.E. Class4 S.E. 
p-
valuea 
ASCFACM 0.933*** 0.338 –0.605*** 0.222 2.802*** 0.614 –3.532** 1.606 < 0.001 
ASCSTUD 0.795* 0.454 –1.610*** 0.372 –0.898 0.874 –5.299*** 1.885 < 0.001 
Explanation of treatment         
Detailed 0.421*** 0.068 1.211*** 0.125 0.334** 0.166 0.408 0.377 < 0.001 
None –0.421 – –1.211 – –0.334 – –0.408 –  
Dental staff behavior          
Warm and friendly 0.316*** 0.065 0.663*** 0.108 0.526*** 0.176 0.746* 0.432 0.043 
Formal and    
inattentive 
–0.316 – –0.663 – –0.526 – –0.746 –  
Waiting time in the office         
5 min 0.317** 0.147 0.156 0.177 0.181 0.315 –0.451 3.020 0.900 
20 min 0.037 – 0.134 – 0.417 – 1.319 –  
45 min –0.353** 0.152 –0.291* 0.171 –0.598* 0.318 -0.868 1.717 0.860 
Out-of-pocket cost –0.007*** 0.001 –0.003*** 0.001 –0.004** 0.002 0.002 0.003 0.002 
          
Model for Classes          
Intercept 1.719*** 0.290 0.876*** 0.333 –1.211*** 0.409 –1.384*** 0.474 < 0.001 
Age –0.021*** 0.007 –0.012 0.008 0.023*** 0.008 0.010 0.010 0.002 
University or higher 
education 
–0.403*** 0.119 –0.320** 0.138 0.331* 0.171 0.392* 0.205 0.001 
Class size 48%  28%  16%  8%   
Log-likelihood –1408.31 
Pseudo R2 0.491 
Number of responses 2056 
Sample size 257 
a p-values for differences in parameter estimates across different classes. 
* significant at 10% level; ** significant at 5% level; *** significant at 1% level. 
Source: Own work. 
 
The marginal WTP estimates indicate the relative importance of different attributes in each 
latent class (Table 2.7). They were not reported for Class 4 due to the insignificant cost 
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coefficient in this class, which reflects patients’ affinity for private dental care. In Class 1, a 
dental care provider was the most important attribute, and patients would on average be 
willing to pay HRK 128 (€17) more for dental school care provided by a faculty member 
over private dental care provided by a DMD. In order of importance, these patients would 
prefer detailed explanation of treatment, warm and friendly dental staff behavior and shorter 
waiting time. For Class 2, the most important attribute was treatment explanation, and the 
members of this class would on average be willing to pay an extra HRK 792 (€106) for 
getting a detailed explanation of treatment instead of no explanation. The second most 
important attribute was a dental care provider with a higher stated WTP for private than 
faculty dental care (HRK 526 (€70) more for private than for student-provided faculty care), 
followed by dental staff behavior and waiting time. Class 3, with a higher share of older and 
more educated patients compared to the first two classes, revealed a somewhat different 
structure of preferences. The members of this class would on average be willing to pay the 
most for the preferred type of dental care provider (an extra HRK 779 (€104) for a faculty 
member as the dental care provider over a DMD in private practice); however, patients’ 
preferences for the type of care provider had relatively high standard errors compared to 
other attributes, which indicates higher uncertainty among respondents for the levels of this 
attribute. In order of importance, warm and friendly dental staff behavior was closely 
followed by the waiting time in the office (these patients were on average very sensitive to 
a hypothetical 45-min waiting time), while the explanation of treatment was given the lowest 
marginal WTP in this class.    
 
Table 2.7: Marginal WTP estimates (in HRK) for latent classes 9 
Attribute 
Class1 Class2 Class3 
Mean 95% CI Mean 95% CI Mean 95% CI 
ASCFACM 127.9** 18.4; 237.3 –197.9*** –333.7; –62.0 778.9* –142.0; 1699.8 
ASCSTUD 108.9 –34.7; 252.6 –526.1*** –697.1; –355.1 –249.6 –559.4; 60.3 
Detailed explanation 115.5*** 92.0; 138.9 791.7*** 524.7; 1058.7 185.7*** 71.7; 299.7 
Warm and friendly staff 86.6*** 64.9; 108.3 433.4*** 278.0; 588.7 292.3*** 149.6; 435.0 
Waiting time: 5 min 38.4* –1.5; 78.2 7.7 –108.3; 123.7 –65.5 –243.2; 112.1 
Waiting time: 45 min –53.5* –94.6; –12.3 –138.3** –259.2; –17.5 –282.1** –505.1; –59.1 
Note: Confidence intervals (CIs) were calculated by using the delta method. 
Marginal WTP estimates for effect-coded attributes consider a change from the reference level. 
* significant at 10% level; ** significant at 5% level; *** significant at 1% level. 




A number of health studies found that the expertise and experience of care providers are 
important attributes of a health care service (Victoor et al., 2012). On average, the estimated 
WTP for dental care provided by a faculty member was similar to WTP for private dental 
care, while WTP for student-provided care was significantly lower. However, in contrast to 
the preferences for more information, friendly provider atmosphere and shorter waiting time, 
the health literature suggests that patients’ choice of a healthcare provider is not always a 
rational and straightforward process. In our study, the greatest heterogeneity in preferences 
for dental care delivery was detected for ASCs that captured the effect of the type of dental 
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care provider. Other attributes also revealed substantial preference heterogeneity. Ignoring 
this heterogeneity may bias the parameter estimates and therefore reduce the validity of 
findings (Hole, 2008). This is also an important consideration from the policy perspective 
aiming at the greater individualization of health care. Patients often make different choices 
in comparable situations; therefore, the idea of a typical patient might be misleading (Victoor 
et al., 2012). Respondents’ characteristics like age, gender, level of education and income 
were often identified as important variables in explaining preference heterogeneity (Valck 
et al., 2014). In the review of literature dedicated to WTP for oral health interventions, Tan 
et al. (2017) identified income, gender, age and education as determinants of patients' WTP. 
Out of 18 studies that tested the effects of at least some of these factors, 11 found significant 
association between the socio-demographic factors and WTP. Most studies (8 out of 11) 
found significant association between income and WTP, showing that patients with higher 
income tend to have higher WTP. The effects of gender, age and education of patients were 
less prominent, with the majority of studies not recording a significant association between 
these factors and patients' WTP. In those studies that found a significant association, the 
female gender, younger age and higher education level were associated with a higher WTP. 
Furthermore, Zhang (2013) used DCE to analyze dentists’ and patients’ preferences for 
dental prosthesis choices in replacing missing teeth and reported significant influence of 
gender, age and treatment experience on patients’ preferences for treatment characteristics. 
In our study, the importance of a care provider and dental staff behavior over treatment 
explanation increased with age and education of patients. This supports the findings from 
the health literature, as age was often found to positively affect the importance attached to 
interpersonal characteristics (Victoor et al., 2012). Older and/or more educated patients also 
tended to be more sensitive to long waiting time (45 min) in the office. Higher education 
was also associated with a higher propensity to opt out, i.e. to substitute faculty dental care 
with private dental care providers.    
 
Predicted response of patients to the changes in the attributes of dental care indicated that 
without fees at the school clinic (current situation), different attributes of dental care would 
not have a large influence on the predicted uptake of alternative dental care providers. 
Therefore, insisting on service delivery standards to comply with the standards in private 
dental practices could be pointless. However, the predicted uptake of alternative dental care 
providers demonstrated that patients would be willing to opt out and substitute dental care 
at the school clinic with private dental care more easily if considerable service fees at the 
school clinic would be introduced. Then more effort should be put into various aspects of 
dental care delivered at the school clinic to reach the standards in private dental offices. 
 
The experiment was designed to offer as realistic decision context as possible, which should 
contribute to the validity of our findings. Alternative-specific design and other design 
restrictions are techniques used to avoid unrealistic choices in DCE design (Hol et al., 2010; 
McAteer et al., 2015). Using an alternative-specific design offers a greater flexibility in 
presenting the choice alternatives that resemble the real life situation more closely (Hol et 
26 
 
al., 2010; de Bekker-Grob et al., 2013). This is an important consideration since the 
respondents are less willing to engage with the task when the combination of attributes and 
levels is not perceived as feasible or credible, which may reduce the validity of the findings 
(Viney et al., 2005; Hol et al., 2010; Kruijshaar et al., 2009). For example, a higher quality 
of health care is often associated with a higher price, and the respondents might not find the 
attribute levels credible if a student’s treatment was more costly than the treatment provided 
by a faculty professor. Furthermore, this was not a realistic option if service fees would be 
introduced in the first place. The signs of estimated parameters for all attributes were in line 
with prior expectations, confirming the theoretical validity of the model. The vast majority 
of the respondents were willing to engage with the choice task and were quite certain in their 
choices. Therefore, the results are likely to reflect patients’ true preferences for attributes of 
dental care. 
 
Faculty dental care service was put in a more general context that considers both public and 
private providers of dental care, to simulate the real market conditions and account for 
potential substitution effects between public and private health care providers when 
estimating the market value of a public health care service. The health care system in Croatia 
allows individuals to choose between the public care providers (usually without direct out-
of-pocket costs) and the private care providers (with considerable out-of-pocket costs). 
Forcing respondents to make a choice among hypothetical services without offering an opt-
out option may be problematic as it assumes that all respondents would actually choose one 
of the potentially unappealing services on offer, while neither of them would be chosen in 
real life (Lancsar & Louviere, 2008; Veldwijk et al., 2014). Not offering an opt-out option 
may bias the utility estimates and overestimate respondents’ WTP, thereby decreasing the 
validity of DCE (Mandeville et al., 2014; Veldwijk et al., 2014; Dhar & Simonson, 2003). 
The studies often include ‘no choice’ alternative. However, as the faculty dental care is 
currently provided without any out-of-pocket costs, offering ‘no choice’ option could lead 
to a large share of protest responses (i.e. respondents may choose this option to protest 
against the introduction of fees at the school clinic). It is also questionable if that would be 
a realistic option in real life, especially when considering acute dental care (Kiiskinen et al., 
2010). Therefore, this alternative was not included in the choice sets. 
 
As this study was focused on dental school patients, the findings may be to some extent 
context-dependent, i.e. may reflect a more positive attitude towards faculty dental care 
relative to the general population as a whole. Patients often attach greater importance to their 
own health care experience than to comparative information (Victoor et al., 2012). Most 
patients do not look for the highest quality care while minimizing costs, but often opt to stay 
with their current provider as positive experience influences their attitudes and future choices 
(Hol et al., 2010; Victoor et al., 2012). In addition, familiarity (or expose effect) may also 
play a role as people tend to develop a preference merely because they are familiar with it 
(Hol et al., 2010). Therefore, the generalization of findings is limited to the dental school 
patients who may be more familiar with the services being valued, which increases the 
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probability of obtaining valid information (Kiiskinen et al., 2010). Indeed, the majority of 
study participants were familiar with alternative dental care providers. On the other hand, 
this may provide somewhat biased valuation from the perspective of the overall population 
(Tan et al., 2017). The private dental practices generally have a different patient mix than 
public dental care units due to pricing and other distinctive features (Kiiskinen et al., 2010).  
 
Finally, despite our efforts to produce as valid WTP estimates as possible, they should be 
treated with some caution. Stated preference techniques often overestimate true WTP due to 
their hypothetical nature (Vernazza et al., 2015). The external validity of WTP estimates 
could not be tested due to the unavailability of revealed preferences, which is a common 




The explanation of dental treatment was the most important characteristic of the dental care 
delivery among those considered, followed by dental staff behavior, experience of a care 
provider and waiting time in the office. A relatively large heterogeneity in patients’ 
preferences was detected, which was partly explained by their age and education level. The 
findings may help policy-makers in delivering a care system better suited to preferences of 
their patients, in appropriately regulating the fee structure and in predicting the effects of 




3 Paper 2: COST ATTRIBUTE IN A DISCRETE CHOICE 
EXPERIMENT: JUST ADDING ANOTHER HEALTH CARE 





This paper investigated the effects of including an opt-out option and the cost attribute on 
the elicited preference structure and response error variance in a discrete choice experiment 
(DCE) valuing the preferences for the delivery of dental care. The mixed logit framework 
was used for testing the effects of survey design features on respondents' preferences and 
scale. The standard practice of testing these effects was further expanded by using the 
structural choice modelling (SCM) framework. Recent studies have suggested that not 
offering respondents an opt-out option may distort the utility estimates. However, the 
influence of an opt-out option on the preferences for dental care delivery and response error 
variance was not significant. When the cost attribute was added to the choice sets, the rank 
order of the attributes remained the same, and overall preferences did not differ significantly. 
This indicates that respondents did not change their decision rule. However, they were not 
very consistent in their preferences for all attributes. Including an extra cost attribute 
significantly increased the response error variance. The findings indicate that the cost 
attribute could be safely used, at least in similar contexts, without concerns for disturbing 
the preferences for other attributes. We did not find any strong evidence that the effect of 
including an extra cost attribute is any different from the expected effect of including any 
other choice attribute; therefore, its influence may not be as relevant as some of the previous 
studies may have suggested.  
 





Discrete choice experiments (DCEs) are a popular stated preference technique to elicit 
human preferences in a number of fields, such as health, transportation, marketing and 
environmental economics (de Bekker-Grob et al., 2012; Hoyos, 2010; Louviere et al., 2000; 
Mandeville et al., 2014). They describe a good in terms of a number of characteristics or 
attributes (e.g. waiting time, price of the treatment, etc.). The attributes can take different 
values, which are combined in an experimental design to describe different choice 
alternatives (Louviere et al., 2008). Two or more alternatives are offered in each choice set, 
and respondents are asked to choose their preferred alternative. Respondents’ choices imply 
implicit trade-offs between the levels of the attributes they would be willing to make, which 
could be used to estimate the weight or relative importance people assign to various service 
attributes (Hol et al., 2010; Hoyos, 2010; Mandeville et al., 2014). When the cost is included 
as an attribute (or some proxy such as a distance), marginal utility estimates from DCE 
model can be converted into willingness-to-pay (WTP) estimates for improvements in the 
levels of other attributes. 
  
Design of DCEs is still a developing field, and a number of studies investigated the effects 
of different survey design features, such as the selection of attributes and their levels, on the 
revealed preferences of respondents (e.g. DeShazo & Fermo, 2002; Hensher, 2006). The cost 
attribute is particularly important in this context, as many DCE surveys have been focused 
on estimating welfare measures needed for policy-making purposes. Previous studies 
examined the effects of the different levels chosen for the cost attribute, of the type of 
payment vehicle and ordering of the cost and other attributes, and the effects of the cost 
attribute itself on the elicited preferences and WTP estimates, but the findings were not 
always consistent (e.g., Carlsson & Martinsson, 2008; Kjaer et al., 2006; Pedersen et al., 
2011; Ratcliffe, 2000; Skjoldborg & Gyrd-Hansen, 2003). Furthermore, in the context of 
deriving the welfare measures or predicted uptakes of health care programs, not including 
an opt-out option (e.g. 'neither' alternative) or a status quo option may affect the validity of 
the DCE (Mandeville et al., 2014; Veldwijk et al., 2014). Existing studies suggest that the 
unforced choice format with the option to opt out or choose a status quo should be applied 
when such an alternative is available in real life (Lancsar & Louviere, 2008). 
 
This paper builds on the study of Pedersen et al. (2011) who investigated whether the 
inclusion of cost attribute influences preferences for other DCE attributes and error variance 
in the context of both forced and unforced choices. The authors concluded that utility and 
scale parameters were not affected when the cost attribute was included in an unforced DCE 
with a status quo option. On the other hand, in a forced choice when respondents were not 
offered a status quo option the inclusion of the cost attribute tended to change the choice 
behavior. The test of equal utility parameters was rejected, and rank order, marginal rates of 
substitution and error variance differed between DCEs with and without the cost attribute. 
Their study was focused on patients' preferences for organizational characteristics in general 
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health care practice. While our survey investigates similar research questions in the context 
of patients' preferences for dental care delivery, the following distinctive features need to be 
outlined: 
 
Study design: Each respondent answered two DCEs that differed with respect to the 
inclusion/exclusion of the cost attribute, thereby avoiding a split sample design (in which a 
particular respondent answers either a DCE with the cost attribute or a DCE without the cost 
attribute) used in the study of Pedersen et al. (2011). In that way, we were able to control for 
(un)observed differences in respondents' characteristics and their preferences that might 
confound the analysis of the effects of including/excluding the cost attribute from the choice 
task. Furthermore, instead of using a status quo alternative in the unforced choice format, 
respondents were offered a distinctive opt-out alternative.  
 
Data collection: A paper-based, self-administered survey was used, while Pedersen et al. 
(2011) used a web survey to collect the data. Due to the higher resource requirements, our 
sample size was considerably smaller (275 respondents compared to 1,435). However, 
respondents were asked to answer eight choice tasks when the cost attribute was included 
(compared to four when this attribute was excluded and to Pedersen et al. (2011) survey), 
which somewhat compensates for the smaller sample size. Furthermore, a split sample 
approach was not used and a smaller number of attributes was included in our survey. 
 
Statistical analysis: To account for preference heterogeneity across respondents, a more 
flexible mixed logit (MXL) model was used instead of multinomial logit (MNL) model when 
analyzing the effects of unforced/forced choices and of including/excluding the cost 
attribute. Not accounting for unobserved preference heterogeneity may bias the parameter 
estimates (Hole, 2008; Hoyos, 2010). Furthermore, this paper contributes to the literature by 
expanding the standard practice of testing the effects of survey design features on 
respondents' preferences and choice behavior through the structural choice modelling (SCM) 
approach, introduced by Rungie et al. (2011). The SCM framework enables exploring 
structural relationships between the different data sets, and was used to examine to what 
extent the preferences for a particular attribute of dental care are correlated across DCEs 
with and without the cost attribute.  
 
This paper investigated the effects of including an opt-out option and the cost attribute in a 
DCE on the elicited preference structure and magnitude of response error variance, and 
whether the consistency in individuals’ preferences differs across different choice attributes 
when an extra cost attribute is added to the choice sets. If preferences, rather than the 
variance, are influenced by the design properties (i.e. including an extra cost attribute) this 







3.2.1 The study 
 
A survey was conducted at the dental clinic of the School of Dental Medicine, University of 
Zagreb, Croatia. The school clinic, which serves as a platform for student training, is a part 
of public health care system, so dental care is currently provided without any out-of-pocket 
payments. As publicly funded health care is under increasing financial pressure, 
governments often encourage market-oriented reforms and reduced state intervention 
(Giovanella & Stegmuller, 2014). Dental school clinics are increasingly faced with reduced 
government funding and forced to search for alternative funds on the real market, such as 
introduction of fees or out-of-pocket payments for their services (Kim et al., 2012). When 
introducing fees for public health care services, particular attention has to be given to the 
behavioral responses of patients (Kiiskinen et al., 2010). A DCE was designed and 
administered to get an insight into patient preferences and WTP for alternative dental care 
services. 
 
Ethical approval for the study was obtained by the Ethical Committee of the School. Patients 
who attended the dental school clinic were surveyed from March 2016 to January 2017 by 
using a structured questionnaire. The main method of data collection was self-
administration, but face-to-face interview was used in some cases (e.g. older respondents). 
Colgate toothbrushes and toothpastes were used as an incentive for respondents to participate 
in the survey. The response rate was 84%. A total of 592 questionnaires were collected, of 
which 275 included two DCEs that differed in the inclusion/exclusion of the cost attribute. 
To avoid ordering effects, the sequence of two groups of choice sets (with and without the 
cost attribute) was shown to half of respondents in reversed order. The questionnaire also 
addressed the primary motivation of patients for having dental care at the school clinic, the 
perceived importance of selected dental care attributes and the background information of 
respondents (age, gender, education, family income, perceived quality of faculty dental care 
and their experience with different dental care providers). The questionnaire was preliminary 
tested. A pilot study (n=50) was conducted to ensure that patients found the choice attributes 
important, and that they understood and could manage the choice task at hand. After the pilot 
study, adjustments to wording and layout were made.  
 
3.2.2 Selection of DCE attributes 
 
Selection of the relevant choice attributes and their levels was based on literature review, 
expert opinion of the faculty staff and the pilot survey. A number of health studies found 
that the expertise and experience of providers, explanation of treatment, provider 
atmosphere, waiting time and out-of-pocket costs are important attributes of a health care 
service (Kiiskinen et al., 2010; Kim et al., 2012; Victoor et al., 2012). The attributes and 
their levels included in the two DCEs are presented in Table 3.1. All attributes and their 
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levels were the same across both experiments, except for the cost attribute, which was 
included in only one experiment. The selected levels for the cost attribute were based on the 
findings from the pilot study and on the average market price of a hypothesized one-root 
endodontic canal treatment in private dental offices.  
 
Table 3.1: Choice attributes and their levels 10 
Attribute 
Attribute levels 
Faculty dental care 
provided by a student 
(supervised by faculty 
member) 
Faculty dental care 
provided by a faculty 
member 
Private dental care 
provided by a DMDa 
Explanation of dental treatment Detailed, None Detailed, None Detailed 
Dental staff behavior 
Warm and friendly, 
Formal and inattentive 
Warm and friendly, 
Formal and inattentive 
Warm and friendly 
Waiting time in the office 5, 20 min 20, 45 min 5 min 
Out-of-pocket cost (HRK)b 0, 75, 150, 300 150, 300, 375, 450 500 
a DMD = ‘Doctor of Dental Medicine’. 
b Prices are given in Croatian Kuna (HRK). The average annual exchange rate between the Euro and HRK for 2016 was 
EUR 1 = HRK 7.5 (http://ec.europa.eu/eurostat/web/exchange-rates).  
Source: Own work. 
 
3.2.3 Experimental design 
 
Choice sets and alternatives in DCE studies are generated by an experimental design, which 
usually tries to minimize standard errors and covariances of the parameter estimates (Scarpa 
& Rose, 2008). Alternative-specific experimental design, which allows for a provider-
specific range of attribute levels, was used to increase the realism of the choice task 
(Kiiskinen et al., 2010). Attribute levels for waiting time in the office and out-of-pocket costs 
differed across three alternative dental care providers on offer (i.e. students and faculty 
members at the school clinic, and DMDs in private dental practices). Furthermore, due to 
the partial overlap in the levels of cost attribute between students’ and faculty members’ 
treatments, an additional restriction was imposed on experimental design to avoid the choice 
sets in which the out-of-pocket cost for the faculty member was not higher than the cost for 
student-provided treatment.  
 
The full factorial experimental design produces 1024 (26 x 42) possible combinations of the 
attribute levels. To reduce the number of alternatives to the manageable level so that the 
choice task is less cognitively demanding and time-consuming for the respondents, a D-
efficient fractional factorial design was used. A D-efficient design, which tries to minimize 
variances and covariances of parameter estimates, was generated in SAS software (Kuhfeld, 
2010). The resulting 32 choice sets were split into four blocks of eight choice sets to reduce 
respondent burden. Each choice set contained two alternative faculty dental care services 
(one provided by a student and the other by a faculty member), and an opt-out option of 
having the same treatment at a private dental practice at the average market price for the 
hypothesized one-root endodontic canal treatment of HRK 500 (€67). By using an opt-out 
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option, the delivery of dental care was put in a more general context that considers both 
public and private providers of dental care, thereby accounting for the potential substitution 
effect between alternative dental care providers. A dual-response approach was used, in 
which respondents were first asked to make a forced choice by choosing between two faculty 
dental care alternatives, and then (in an unforced choice) allowed to opt out by choosing 
among faculty dental care alternatives previously on offer and the private dental care 
alternative. An example of a choice set in the DCE that included the cost attribute (‘cost 
DCE’) is presented in Figure 3.1.  
 
Figure 3.1: Example of a choice set in the cost DCE 11 
 
Source: Own work. 
 
A similar experimental design was used for the DCE without the cost attribute (but with the 
same set of other choice attributes and their levels; ‘no-cost DCE’), and resulted in 16 choice 
sets split into four blocks of four choice sets. As free service represents a distinctive feature 
of faculty dental care, the opt-out option was not offered to respondents in this DCE. Without 
the cost attribute, it was not expected that respondents would seriously consider an opt-out 
alternative (i.e. dental care at a private practice, which includes considerable out-of-pocket 
payment), which was supported by the findings of the pilot study.  
 
3.2.4 Econometric analysis 
 
Econometric analysis of DCE data is based on random utility theory (Lancsar & Louviere, 
2008). As utility is a latent and unobservable construct, only indicators of utility are observed 
in the form of choices made by respondents. The utility of individual n from choosing 
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alternative i among J possible choices in choice situation t is decomposed into a systematic 
component (Vnit) and a random component (ɛnit): 
 
𝑈𝑛𝑖𝑡 = 𝜇𝑉𝑛𝑖𝑡 + 𝑛𝑖𝑡 = 𝜇𝛽′𝑥𝑛𝑖𝑡 + 𝑛𝑖𝑡          (1) 
 
where xnit is the vector of choice attributes and β is the vector of preference parameters 
associated with those attributes. The scale parameter μ, inversely proportional to the variance 
of the error term which is assumed to be iid extreme value, shifts the whole vector of 
preference parameters up or down in magnitude depending on the influence of included 
factors on respondents’ choices relative to the influence of unincluded factors (Hess & Train, 
2017).  
 
Different models can be used to estimate Eq. (1). The mixed logit (MXL) model has 
desirable properties over a standard multinomial logit (MNL) model, as it relaxes the 
restrictive assumptions of independence of irrelevant alternatives (IIA) and preference 
homogeneity, which may lead to biased parameter estimates (Hole, 2008; Train, 2009). This 
is accomplished by allowing the utility coefficients βn to vary randomly over individuals, 
whereas the utility function can be written as: 
 
𝑈𝑛𝑖𝑡 = (𝜇𝑛𝛽𝑛)
′𝑥𝑛𝑖𝑡 + 𝑛𝑖𝑡      (2) 
 
Scale heterogeneity arising from individual-specific scale factors (μn) creates correlation 
among all utility coefficients, which can be accounted for, together with other sources of 
correlation, in a MXL model with full covariance among coefficients. However, specific 
sources of correlation cannot be distinguished (Hess & Train, 2017). Confounding between 
μn (i.e. scale heterogeneity) and βn (i.e. preference heterogeneity) means that only their 
product 𝜆𝑛 ≡ 𝜇𝑛𝛽𝑛 is identifiable and estimable (Hess & Rose, 2012). The choice 










          (3) 
 
where f(λ) is a density function of λ (Train, 2009). The distributions of the random 
coefficients are directly specified by the researcher.  
 
3.2.4.1 Pooling the cost and no-cost DCEs  
 
Accounting for scale differences is of critical importance when pooling the data from 
different sources because the utility coefficients are confounded with the scale and cannot 
be directly compared (Louviere et al., 2010; Swait & Louviere, 1993). While the scale 
parameter cannot be identified in a single data source, the relative scale can be identified 
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from multiple data sources (Louviere et al., 2008). Only after accounting for the scale 
differences between the data sets the equality of utility parameters (and their variances if 
unobserved preference heterogeneity is allowed for) can be formally tested (Swait & 
Louviere, 1993). 
 
The outstanding model focused on capturing the scale heterogeneity is the generalized 
multinomial logit model (G-MNL) (Fiebig et al., 2010). In the G-MNL model, the vector of 
individual coefficients βn is partitioned into a mean part β and individual-specific deviations 
from mean ηn: 
𝛽𝑛 = 𝜇𝑛𝛽 + (𝛾 + 𝜇𝑛(1 − 𝛾))𝜂𝑛          (4) 
 
where 𝛾 ∈ [0,1] determines the influence of scale μn on standard deviations of parameters 
captured through ηn. If 𝛾 > 0, the scale parameter is not considered in its traditional sense, 
since not the entire utility function is scaled by μn (Hess & Rose, 2012). On the other hand, 
if 𝛾 = 0 the scale μn has the same impact on the means and standard deviations of the utility 
coefficients, which take the following form: 
 
𝛽𝑛 = 𝜇𝑛(𝛽 + 𝜂𝑛)          (5) 
 
The individual-specific scale factor μn is assumed to be lognormally distributed and is 
usually parameterized as:  
 
𝜇𝑛 = 𝑒𝑥𝑝(?̅? + 𝜃
′𝑧𝑛 + 𝜏𝜐𝑛)          (6) 
 
where ?̅? is a normalizing constant, 𝜃′𝑧𝑛 is a systematic component of scale related to 
observed variables zn with an associated coefficient vector θ, and 𝜏𝜐𝑛 is a random component 
of scale, where τ is a measure of scale heterogeneity (i.e. standard deviation of μn) and 
𝜐~𝑁(0,1). The G-MNL model is a restricted form of the MXL model with only one 
correlation parameter (Hess & Train, 2017). Despite the efforts to separately estimate the 
scale and preference heterogeneity in the G-MNL model, these two sources of heterogeneity 
cannot be identified separately (Hess & Rose, 2012). Therefore, some researchers suggested 
constraining 𝜏 to zero, i.e. allowing only for random preference heterogeneity and systematic 
(i.e. non-random) scale heterogeneity determined by the elements of zn (Boerger et al., 2017). 
While random scale and preference heterogeneity cannot be disentangled, it is possible to 
identify systematic differences in scale (Boerger, 2016). 
 
The data from cost and no-cost DCEs were pooled by using the G-MNL framework where 
parameters γ and τ were set to zero, and the scale was allowed to be data set-specific by 
including a corresponding dummy variable in the scale function. Such a model is essentially 
a heteroscedastic MXL model (with a highly restricted form of correlation among utility 
coefficients) that takes preference heterogeneity and systematic scale differences between 
the two data sets into account (Boerger et al, 2017; Czajkowski et al., 2016). Models were 
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estimated in Stata by using the mixlogit (Hole, 2007) and gmnl commands (Gu et al., 2013) 
with 1,000 Halton draws.  
 
3.2.4.2 Modelling structural relationships between the cost and no-cost DCEs 
 
3.2.4.2.1 Structural choice modelling (SCM) framework 
 
Structural choice modelling is a framework that integrates choice models and structural 
equation models (Rungie et al., 2011; Rungie et al., 2012). It incorporates latent variables 
and structural equations into the analysis of choice data, which provides a framework to test 
the theory and better explain the cognitive choice process by simultaneously modelling and 
linking the data from separate but related choice experiments (i.e. different choice tasks but 
applied to the same individuals).  
 
A structural choice model is essentially a random coefficient model, but with a more 
structured variance-covariance matrix (Rungie et al., 2012). The systematic component of 
utility in SCM is specified as linear combination of k covariates x with random regression 
coefficients modelled as functions of m latent variables 𝛽 (Rungie et al., 2014):2 
 
𝑉 = ∑(𝛽𝑘 + 𝜎𝑘,1?̃?1 + ⋯ + 𝜎𝑘,𝑚𝛽𝑚)𝑥𝑘
𝑘
         (7) 
 
where βk is the mean value of the preference parameter for the covariate xk , and 𝜎𝑘,𝑚𝛽𝑚 is 
its random idiosyncratic part. The second term 𝛽𝑚 represents the random component drawn 
from some continuous distribution (usually normal) for each individual, and σk,m is the 
dispersion parameter to be estimated from the data. The latent variables or constructs in SCM 
can be random coefficients for single attributes or levels, as well as factors over 
combinations of attributes or levels (Rungie, 2013). Each latent variable 𝛽 can be expressed 
as a function of other latent variables by the means of structural equations (Rungie et al., 
2014): 
 
𝛽𝑙 = 𝑎𝑙,1𝛽1 + ⋯ + 𝑎𝑙,𝑚𝛽𝑚 + 𝛿𝑙           (8) 
 
where al,1 to al,m are regression parameters and δl is a corresponding random component. This 
specification allows testing the structural relationships between separate choice models. For 




                                                          
2 The subscripts for individual, choice alternative and choice situation are omitted for notational brevity. 
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3.2.4.2.2 Linked correlated model 
 
The DCE literature suggests that adding attribute(s) to the choice task can affect decision 
behavior of respondents by altering their decision strategies towards simplified decision 
rules (e.g. ignorance of some attributes) to reduce the cognitive burden of the choice task 
(Dellaert et al., 2012). To test the relationship between the preferences for the same attributes 
in cost and no-cost DCEs, a ‘linked correlated model’ was designed in the SCM framework 
that captured the extent to which individuals’ preferences for particular dental care attributes 
were correlated across the two DCEs. The systematic component of utility in the linked 
correlated model was specified as: 
 
𝑉 = (𝛽1 + 𝜎1,1?̃?1)𝑥1 𝐶𝑂𝑆𝑇 𝐷𝐶𝐸 𝐹𝑎𝑐𝑢𝑙𝑡𝑦 𝑚𝑒𝑚𝑏𝑒𝑟 𝑎𝑠 𝑐𝑎𝑟𝑒 𝑝𝑟𝑜𝑣𝑖𝑑𝑒𝑟
+ (𝛽2 + 𝜎2,2?̃?2)𝑥2 ⋮ 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝑒𝑥𝑝𝑙𝑎𝑛𝑎𝑡𝑖𝑜𝑛
+ (𝛽3 + 𝜎3,3?̃?3)𝑥3 ⋮ 𝑆𝑡𝑎𝑓𝑓 𝑏𝑒ℎ𝑎𝑣𝑖𝑜𝑟
+ (𝛽4 + 𝜎4,4?̃?4)𝑥4 + (𝛽5 + 𝜎5,4?̃?4)𝑥5 ⋮ 𝑊𝑎𝑖𝑡𝑖𝑛𝑔 𝑡𝑖𝑚𝑒
+ 𝛽6𝑥6 𝐶𝑂𝑆𝑇 𝐷𝐶𝐸 𝑂𝑢𝑡 𝑜𝑓 𝑝𝑜𝑐𝑘𝑒𝑡 𝑐𝑜𝑠𝑡
+ (𝛽7 + 𝜎7,5?̃?5)𝑥7 𝑁𝑂 𝐶𝑂𝑆𝑇 𝐷𝐶𝐸 𝐹𝑎𝑐𝑢𝑙𝑡𝑦 𝑚𝑒𝑚𝑏𝑒𝑟 𝑎𝑠 𝑐𝑎𝑟𝑒 𝑝𝑟𝑜𝑣𝑖𝑑𝑒𝑟
+ (𝛽8 + 𝜎8,6?̃?6)𝑥8 ⋮ 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝑒𝑥𝑝𝑙𝑎𝑛𝑎𝑡𝑖𝑜𝑛
+ (𝛽9 + 𝜎9,7?̃?7)𝑥9 ⋮ 𝑆𝑡𝑎𝑓𝑓 𝑏𝑒ℎ𝑎𝑣𝑖𝑜𝑟











where δ1 to δ8 are random components with normal distributions, zero means, standard 
deviations equal to one, and correlations specified between the following random 
components: between δ1 and δ5 (random components for ‘faculty member as dental care 
provider’ in the cost and no-cost DCE; φ1,5), between δ2 and δ6 (random components for 
‘treatment explanation’; φ2,6), between δ3 and δ7 (random components for ‘staff behavior’; 
φ3,7) and between δ4 and δ8 (random components for ‘waiting time’; φ4,8); other random 




Standard practice in DCE literature was followed when specifying the MXL models used to 
test the effects of including an opt-out option and the cost attribute on patients' preferences 
and response error variance. The cost attribute was kept fixed. Fixing the cost coefficient 
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facilitates the estimation of WTP and is a common practice in the DCE literature (Hole, 
2008; Hole & Kolstad, 2012; Train & Weeks, 2005). One level of the waiting time attribute, 
i.e. 5-minute waiting time in the office, was also kept fixed due to the insignificant standard 
deviation in all models tested. The coefficients associated with all other dental care attributes 
were modeled as random and specified to be normally distributed, following common 
practice in the literature (De Valck et al, 2014; Hole, 2008; Hoyos, 2010).  
 
Alternative-specific constants (ASCs) were included in the model to indicate the general 
attitude of patients towards faculty dental care service compared to dental care at a private 
dental practice. They were dummy-coded with ASCFACM (ASCSTUD) taking a value of 1 if 
dental care is provided by a faculty member (by a student), and 0 otherwise. Other 
categorical variables were effect-coded. With the effect-coded attributes, the parameter 
estimate for the reference level is equal to the negative sum of the estimates for other attribute 
levels. With the alternative-specific design adopted in this study, and due to the specific 
range of attribute levels for different alternatives, we could expect that marginal utilities for 
the same attribute are different across different alternatives (i.e. dental care providers). Then, 
the interactions between the alternative label and alternative-specific attributes should be 
introduced, so that the effect of an attribute is analyzed separately for each alternative 
(Blamey et al., 2000). However, when comparing the log-likelihoods of the unrestricted 
alternative-specific model and a restricted generic model (which assumes equal marginal 
attribute utilities across different care providers) the difference was not significant 
(likelihood ratio (LR) test, p=0.892). This suggests that the simpler generic model, without 
alternative-specific effects, might be sufficient (Blamey et al., 2000), and was used in the 
analysis. 
 
3.3.1 Effects of (un)forced choices 
 
The effects of forced and unforced choices on the preference structure and response error 
variance were tested by pooling the two DCE models (with and without an opt-out option) 
and testing the hypotheses of equal utility parameters and equal scales by using the LR tests 
(Swait & Louviere, 1993). The likelihood ratio test of equal utility parameters across 
different data sets compares the (sum of) log-likelihoods of separate DCE models with the 
log-likelihood of the pooled model, which allows the scale to differ between different data 
sets. This test is usually restricted to the terms not involving the ASCs (Blamey et al., 2000), 
which were therefore kept data set-specific in the DCE models below. If the hypothesis of 
equal utility parameters cannot be rejected, the hypothesis of equal scale parameters across 
different data sets can be tested by a LR test that compares the log-likelihoods of the pooled 
model with unrestricted scale and an identical model with the scale restricted to one (Swait 
& Louviere, 1993).    
 
The effects of forced and unforced choices were tested in a cost DCE. The results of separate 
MXL models for forced choices (i.e. DCE model without an opt-out option) and unforced 
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choices (i.e. DCE model with an opt-out option), as well as of pooled forced and unforced 
choice models are presented in Table 3.2. A heteroscedastic model pools the forced and 
unforced choice models while allowing the scale to differ between them, while a full model 
restricts the scale parameter to be equal across the forced and unforced choices. All utility 
coefficients had expected signs, which confirms the theoretical validity of the models. The 
coefficients on standard deviations were highly significant, indicating a considerable degree 
of heterogeneity in patients' preferences for dental care. 
 
The insignificant chi-square value of the LR test (Table 3.2) suggests that the hypothesis of 
equal utility parameters between the forced and unforced DCE models cannot be rejected. 
Furthermore, the LR test of equal scales was also not significant; therefore, we could not 
reject the hypothesis (at 5% significance level) that the scale parameters are equal across 
forced and unforced choices.   
 
Table 3.2: Comparison of forced and unforced choices 12 
Attribute 
Forced choice Unforced choice Heteroscedastic model Full model 
Estimate S.E. Estimate S.E. Estimate S.E. Estimate S.E. 
Mean         
ASCFACM (forced) 1.046*** 0.271 – – 1.064*** 0.255 1.187*** 0.251 
ASCFACM (unforced) – – –0.029 0.251 –0.117 0.206 –0.049 0.231 
ASCSTUD – – –1.023*** 0.358 –0.890*** 0.272 –0.926*** 0.312 
Detailed explanation 0.906*** 0.090 1.062*** 0.101 0.924*** 0.084 0.996*** 0.069 
Warm and friendly staff 0.571*** 0.069 0.677*** 0.079 0.581*** 0.061 0.635*** 0.053 
Waiting time 5 min 0.265** 0.114 0.402*** 0.124 0.306*** 0.080 0.330*** 0.085 
Waiting time 45 min –0.300*** 0.111 –0.559*** 0.128 –0.405*** 0.082 –0.430*** 0.086 
Out-of-pocket cost –0.006*** 0.001 –0.006*** 0.001 –0.006*** 0.001 –0.006*** 0.001 
Std. Dev.         
ASCFACM (forced) 2.848*** 0.251 – – 2.931*** 0.248 3.088*** 0.239 
ASCFACM (unforced) – – 2.875*** 0.255 2.494*** 0.295 2.720*** 0.227 
ASCSTUD – – 3.659*** 0.310 3.153*** 0.363 3.491*** 0.274 
Detailed explanation 0.668*** 0.112 0.962*** 0.113 0.762*** 0.088 0.835*** 0.081 
Warm and friendly staff 0.387*** 0.111 0.598*** 0.104 0.475*** 0.076 0.509*** 0.077 
Waiting time 45 min 0.335** 0.167 0.510*** 0.141 0.406*** 0.099 0.459*** 0.103 
Scale parameter (forced 
choice = 0) 
    0.138 0.106   






Log-likelihood –1010.04 –1457.79 –2469.82 –2471.63 
Number of observations 4,192 6,288 10,480 10,480 
Sample size 262 262 262 262 
LR test of equal utility parameters - df = 7 (critical chi2): 3.97 (14.07) 
LR test of equal scale parameters - df = 1 (critical chi2): 3.62 (3.84) 
 ** significant at 5% level; *** significant at 1% level. 
Source: Own work. 
 
3.3.2 The influence of the cost attribute 
 
The effects of including an additional cost attribute to the choice tasks, whether it caused a 
shift in the choice rules of respondents or not, were tested in a similar manner as the effects 
of forced and unforced choices. The cost and no-cost DCE models were pooled and 
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differences in the utility parameters and scales were tested by using the LR tests (Swait & 
Louviere, 1993). A forced choice model was used for pooling, but the findings also apply to 
the preference structure and scale differences between the unforced choice DCE model with 
the cost attribute and the DCE model without the cost attribute.  
 
The hypothesis of equal preferences between cost and no-cost DCEs could not be rejected 
by the LR test used to compare the goodness of fit of separate DCE models with the goodness 
of fit of the heteroscedastic model (Table 3.3). On the other hand, the LR test between the 
pooled model with an unrestricted scale (i.e. heteroscedastic model) and the identical model 
with the scale restricted to one (i.e. full model) was significant (p<0.001); therefore, the 
hypothesis of equal scale parameters was rejected, and a significantly lower scale (i.e. higher 
response variance) was observed in the cost DCE compared to the no-cost DCE. 
 
Table 3.3: Comparison of cost and no-cost DCEs 13 
Attribute 
Cost DCE No-cost DCE Heteroscedastic model Full model 
Estimate S.E. Estimate S.E. Estimate S.E. Estimate S.E. 
Mean         
ASCFACM (cost DCE) 1.025*** 0.282 – – 3.236*** 1.129 1.306*** 0.301 
ASCFACM (no-cost DCE) – – 3.753*** 1.360 3.079*** 0.874 1.466*** 0.229 
Detailed explanation 0.928*** 0.095 2.396*** 0.818 2.343*** 0.613 1.073*** 0.089 
Warm and friendly staff 0.624*** 0.071 1.844*** 0.632 1.667*** 0.442 0.755*** 0.071 
Waiting time 5 min 0.247** 0.117 1.538** 0.606 1.087*** 0.360 0.445*** 0.098 
Waiting time 45 min –0.310*** 0.113 –1.775*** 0.688 –1.319*** 0.412 –0.551*** 0.100 
Out-of-pocket cost –0.006*** 0.001 – – –0.017*** 0.005 –0.007*** 0.001 
Std. Dev.         
ASCFACM (cost DCE) 2.954*** 0.265 – – 7.818*** 2.177 3.230*** 0.276 
ASCFACM (no-cost DCE) – – 5.169*** 1.720 4.806*** 1.237 2.457*** 0.263 
Detailed explanation 0.689*** 0.115 1.405** 0.633 1.593*** 0.479 0.696*** 0.105 
Warm and friendly staff 0.346*** 0.125 1.493** 0.690 1.169*** 0.420 0.438*** 0.112 
Waiting time 45 min 0.277 0.199 1.873** 0.825 1.245*** 0.427 0.486*** 0.147 
Scale parameter (without 
cost = 0) 
    –0.953*** 0.274   






Log-likelihood –953.41 –497.78 –1455.74 –1465.99 
Number of observations 4,048 2,024 6,072 6,072 
Sample size 253 253 253 253 
LR test of equal utility parameters - df = 6 (critical chi2): 9.11 (12.59) 
LR test of equal scale parameters - df = 1 (critical chi2): 20.49 (3.84) 
 ** significant at 5% level; *** significant at 1% level. 
Source: Own work. 
 
A partial log-likelihood estimator was used to calculate the relative importance of each 
attribute (Lancsar et al., 2007). Apart from the null (full) model, separate models were 
estimated, where each attribute was excluded one at a time. The model fit measures were 
used to rank the attributes; attributes with a greater influence on the overall fit of the model 
were given a higher rank. The relative order of impact remained unchanged in all 




Table 3.4: Relative impacts of attributes across different choice models 14 
Excluded attribute 
Cost DCE, unforced choice Cost DCE, forced choice No-cost DCE 
Log-lik Δ log-lik 
Order of 
impact 
Log-lik Δ log-lik 
Order of 
impact 
Log-lik Δ log-lik 
Order of 
impact 
None –1383.0   –953.4   –497.8   
Explanation –1559.6 –176.5 1 –1095.6 –142.2 1 –602.2 –104.5 1 
Staff behavior –1463.3 –80.3 2 –1018.9 –65.5 2 –560.7 –62.9 2 
Waiting time –1396.0 –12.9 4 –957.5 –4.1 4 –521.2 –23.4 3 
Out-of-pocket cost –1436.1 –53.0 3 –994.2 –40.8 3    
Source: Own work. 
 
3.3.3 Linked correlated model 
 
The two experiments – DCE with the cost attribute and DCE without the cost attribute – 
were also pooled within a SCM framework, which allowed specifying the structural 
relationships between the two DCEs in a joint structural model. By using the SCM 
framework, the two DCEs were linked through the correlations between the random 
components for common constructs (i.e. dimensions of utility). The model captures the 
extent to which individuals’ preferences for the attributes of dental care in a cost DCE are 
associated with their preferences for the same attributes in a no-cost DCE. 
 
The SCM model revealed strong correlations in the preferences for type of dental care 
provider (|φ|=0.90) and dental staff behavior (|φ|=0.89), moderate correlation in the 
preferences for treatment explanation (|φ|=0.59), and low correlation (which was not 
statistically significant) in the preferences for waiting time in the office (|φ|=0.38). Negative 
correlations in Table 3.5 actually describe positive associations between the variables from 
two separate experiments. Negative sign is a consequence of reversed signs of construct 
loadings (i.e. opposite relationships between construct and corresponding attribute level) 




Not offering respondents an opt-out option may make the choice task less realistic because 
of the poorer reflection of the real market conditions. Respondents who would rather opt out 
but are forced to choose tend to randomly select one of the scenarios on offer or select the 
least extreme scenario which would not be chosen in real life (Mandeville et al., 2014; 
Veldwijk et al., 2014). Therefore, not offering respondents an opt-out option in a choice task 
may change the underlying choice behavior of respondents and lead to bias in parameter 
estimates, especially in welfare measures and predicted uptakes of different health care prog-  
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Table 3.5: Results of SCM model 15 
Parameter Attribute level (1 – cost DCE, 2 – no-cost DCE) Estimate S.E. 
Mean     
β1 1 ASCFACM  0.969*** 0.279 
β2 1 Detailed explanation  0.992*** 0.101 
β3 1 Warm and friendly staff  0.680*** 0.076 
β4 1 Wait 5 min  0.320** 0.131 
β5 1 Wait 45 min  –0.368*** 0.129 
β6 1 Out-of-pocket cost  –0.007*** 0.001 
β7 2 ASCFACM  3.266*** 0.985 
β8 2 Detailed explanation  2.352*** 0.708 
β9 2 Warm and friendly staff  1.901*** 0.597 
β10 2 Wait 5 min  1.459*** 0.552 
β11 2 Wait 45 min  –1.721*** 0.614 
Std. Dev. From construct to  Attribute level   
σ1,1 1 Faculty member 1 ASCFACM 3.073*** 0.279 
σ2,2 1 Treatment explanation      1 Detailed explanation 0.800*** 0.114 
σ3,3 1 Staff behavior     1 Warm and friendly staff –0.429*** 0.105 
σ4,4 1 Waiting time      1 Wait 5 min –0.560** 0.246 
σ5,4 1 Waiting time       1 Wait 45 min 0.677*** 0.260 
σ7,5 2 Faculty member 2 ASCFACM 5.270*** 1.656 
σ8,6 2 Treatment explanation 2 Detailed explanation –1.409** 0.600 
σ9,7 2 Staff behavior      2 Warm and friendly staff 1.509*** 0.566 
σ10,8 2 Waiting time     2 Wait 5 min 1.226* 0.700 
σ11,8 2 Waiting time       2 Wait 45 min –2.248** 0.957 
Correlation Between construct and  Construct   
φ1,5 1 Faculty member 2 Faculty member 0.901*** 0.373 
φ2,6 1 Treatment explanation 2 Treatment explanation   –0.594*** 0.529 
φ3,7 1 Staff behavior      2 Staff behavior     –0.892* 1.490 
φ4,8 1 Waiting time      2 Waiting time     –0.384 0.691 
Log-likelihood –1354.69 
Number of observations 6,072 
Sample size 253 
* significant at 10% level; ** significant at 5% level; *** significant at 1% level. 
Source: Own work. 
 
rams (Lancsar & Louviere, 2008). Pedersen et al. (2011) studied the influence of including 
the cost attribute on utility parameters and response error variance, and found significant 
differences in its influence between unforced and forced choices. This is contrary to our 
findings, but the two studies are not directly comparable in this matter. As one of our 
objectives was to elicit monetary values for faculty dental care, which is currently provided 
without out-of-pocket costs, a status quo option was not considered eligible, and an opt-out 
alternative of having dental care at a private practice (at the average market price for the 
hypothesized treatment) was introduced to the unforced choice tasks instead. This option is 
a realistic alternative that better reflects the real market conditions and therefore contributes 
to the reality of the choice task. Despite its theoretically desirable properties, in our context 
(delivery of dental care), including an opt-out option was not of utmost importance. The 
utility parameters and response error variance were similar between DCE models with forced 
and unforced choices. Therefore, not giving an opt-out option to respondents did not change 




Discrete choice experiments are based on the assumption that respondents are willing to 
make the trade-offs between choice attributes. This assumption implies that the relative 
importance of the attributes should not differ when another attribute is added to the DCE 
(Pedersen et al., 2011). In our study, preferences were generally stable and consistent. A 
likelihood ratio test (Swait & Louviere, 1993) demonstrated that respondents did not behave 
inconsistently in their preferences for the delivery of dental care when the cost attribute was 
added to the choice sets. Rank order of the attributes remained the same, and overall 
preferences did not differ significantly between the cost and no-cost DCEs, indicating that 
respondents did not change their decision rule and were willing to trade off cost with other 
dental care attributes. This finding is contrary to that reported by Pedersen et al. (2011), who 
concluded that the inclusion of the cost attribute (in the forced choice situation) changed the 
preference structure, including the rank order of attributes. 
 
By using the same set of respondents in both cost and no-cost DCEs, we were able to control 
for (un)observed differences in respondents' characteristics and their preferences that might 
confound the analysis of the effects of including/excluding the cost attribute from the choice 
task. Eliciting patients' preferences while using the same respondents in both DCEs also 
allowed us to expand the analysis of the effects of adding an extra cost attribute to the choice 
sets. The consistency in preferences for specific attributes was tested in the SCM framework 
by linking the cost and no-cost DCEs through correlations between random components on 
common choice attributes. Correlation estimates in SCM are unaffected by the scale 
differences between the two data sets (Rungie, 2013). The model captured the extent to 
which individual’s preferences in a cost DCE correlated with their preferences in a no-cost 
DCE. Strong correlation estimates in preferences for type of dental care provider and dental 
staff behavior suggest that respondents were consistent in their preferences for these 
attributes. While respondents showed somewhat less consistent preferences for treatment 
explanation, they were not (very) consistent in their preferences for the 'waiting time in the 
office' attribute, which was the least important attribute of dental care delivery. This supports 
the indications from the DCE literature that attribute weights may be shifted from the least 
important towards the more important attributes when the complexity of the choice task 
increases (Dellaert et al., 2012). These findings raise some concerns for elicited preference 
structure when the cost attribute is added to the choice task, but we did not find strong 
evidence in favor of altered decision rules, as indicated by the likelihood ratio test based 
upon the procedure of Swait & Louviere (1993).  
 
Presenting respondents with the choice sets that included an extra cost attribute significantly 
lowered the scale (i.e. increased the response error variance), indicating that the choice 
responses were less deterministic. This is consistent with the previous studies which 
demonstrated that increasing the number of choice attributes may increase the response error 
variance, indicating that respondents are less certain about their preference for a particular 
alternative. Adding another attribute to the choice sets increases the cognitive burden, which 
may encourage respondents to use heuristics or simplify the choice task by ignoring some 
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of the information presented to them, thereby increasing the response error variance (Dellaert 
et al., 2012; DeShazo & Fermo, 2002; Islam et al., 2007; Pedersen et al., 2011). Therefore, 
the observed scale difference could be a simple response to handling a larger number of 
attributes in a choice set. To test if the levels of the cost attribute affected the scale, a 
difference in the levels of this attribute between the two faculty dental care alternatives 
offered in a choice set was used as a predictor of scale in the heteroscedastic MXL model. 
Insignificant scale parameter indicated that the levels of the cost attribute could not explain 
the scale heterogeneity. We did not report the results here, but they are available upon 
request.  
 
Finally, if the variance, rather than preferences, is influenced by the design properties, this 
is less troubling for the validity of the DCE (Bech et al., 2011). Our findings indicate that 
the inclusion of the cost attribute in a DCE may not affect the validity of preferences for 
other attributes. We did not find any firm evidence that the effect of including an extra cost 
attribute is any different from the expected effect of including any other choice attribute; 
therefore, its influence may not be as relevant as some of the previous studies may have 
suggested. However, due to a potential context-dependence of our findings, they should be 




This study contributes to the DCE literature on survey design issues by investigating the 
effects of including the out-of-pocket cost attribute and the effects of including an opt-out 
option on the elicited preference structure and response error variance. Not including an opt-
out option did not significantly influence the preferences for dental care delivery and 
response error variance. The hypothesis of equal preferences between the cost and no-cost 
DCEs could not be rejected; therefore, no strong evidence was found that the inclusion of 
the cost attribute causes a shift in the decision behavior of respondents. However, the 
respondents were not very consistent in their preferences for all attributes, as demonstrated 
for the least important attribute of dental care (i.e. waiting time in the office), between the 
cost and no-cost DCEs. Adding the cost attribute influenced the scale and led to the 
significantly higher response error variance, which could be best explained by increased 
cognitive burden from adding an extra attribute to the choice task. In overall, the findings 
indicate that the cost attribute could be safely used in choice studies, at least in similar 





4 Paper 3: CONTINGENT VALUATION AND DISCRETE CHOICE 
EXPERIMENTS IN ESTIMATING WILLINGNESS-TO-PAY FOR 





Literature suggests that discrete choice experiments (DCEs) are a preferable method for 
elicitation of willingness-to-pay (WTP) values, as they may avoid some biases often 
observed in contingent valuation (CV) surveys, such as protest and strategic behavior. 
However, a number of DCE studies have shown that respondents often ignore one or more 
attributes when making choices, which may lead to biased WTP estimates. This paper 
applied DCE and payment card CV techniques to estimate the dental school patients' WTP 
for dental care delivery. Our findings are consistent with the literature showing that direct 
methods of valuation tend to yield lower welfare estimates than indirect methods. To gain 
some insights into which estimate may be more likely to reflect the true preferences of 
respondents, the extent of strategic behavior in CV and non-attendance to the cost attribute 
in DCE have been explored. While the strategic behavior in direct WTP estimates was not 
evident, almost every second DCE respondent appears to have ignored the cost attribute. The 
findings suggest that direct elicitation of WTP through the payment card method produced 
more realistic estimates, and raise concerns about derived WTP measures in DCE studies 
that did not consider non-attendance to the cost attribute during the estimation process. 
 
Keywords: discrete choice experiment, payment card contingent valuation, willingness-to-







Willingness-to-pay (WTP) measures provide information about how much people value 
some goods or services. They are popular in health economics for estimating the strength of 
preferences for health care interventions (Hole & Kolstad, 2012; Vernazza et al., 2015). The 
contingent valuation (CV) and discrete choice experiments (DCEs) are the main stated 
preference methods used to estimate WTP measures (Kjaer, 2005). In CV, respondents are 
presented with a hypothetical scenario that describes a specific health care intervention and 
directly asked how much they would be willing to pay for it. Directly eliciting WTP may be 
cognitively difficult for the respondent, and is considered susceptible to strategic behavior 
(Ryan, 2004; Venkatachalam, 2004). Respondents may act strategically and under-report 
their true WTP to reduce the price that should be paid for the intervention (Vernazza et al., 
2015). 
 
Literature suggests that DCEs are a preferable elicitation method that avoids some of the 
biases detected in CV (Hanley et al., 2001; Kjaer, 2005). Instead of valuing the policy 
outputs as a whole (as in CV), DCEs describe a good in terms of a number of characteristics 
or attributes that can take different values, and are combined in an experimental design to 
describe different choice alternatives. Two or more alternatives are offered in each choice 
set, and respondents are asked to choose their preferred alternative. Respondents’ choices 
imply implicit trade-offs between the levels of the attributes they would be willing to make, 
which could be used to estimate the weight or relative importance people assign to various 
service attributes (Hol et al., 2010; Hoyos, 2010; Mandeville et al., 2014). When the cost is 
included as an attribute, the marginal utility estimates from a DCE model can be converted 
into WTP estimates associated with the change in health care attribute(s) (Lancsar & 
Louviere, 2008). Due to the indirect estimation of WTP, some adverse response behavior 
often observed in CV, such as the protest and strategic behavior, may be less of a concern in 
a DCE (Hanley et al., 2001). However, recent studies have shown that respondents often 
ignore one or more attributes when making choices, which may lead to biased WTP 
estimates (Carlsson et al., 2010; Hensher et al., 2005a; Hole et al., 2013). Nevertheless, most 
applications estimated underlying preferences as if all attributes had been attended to 
(Hensher et al., 2005a). 
 
Different valuation methods can yield significantly different WTP estimates (Hynes et al., 
2011). Indirect methods, such as DCE, often yield larger WTP estimates than direct methods, 
such as CV (Ryan & Watson, 2009). This paper applied both DCE and CV methods to 
estimate the dental school patients' WTP for dental care delivery at the school clinic. The 
choice data were analyzed by using a mixed logit (MXL) model estimated in WTP space. A 
payment card (PC) response technique was used in the direct (CV) elicitation of patients' 
WTP, and responses were analyzed in an interval regression model. The validity tests were 
performed in an attempt to explain observed differences in derived WTP measures. The 
extent of strategic behavior in CV was explored by using a vignette technique, i.e. by asking 
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a subset of respondents to value the specified delivery of faculty dental care without 
mentioning the introduction of the fees for the respondents themselves, but only for a 
hypothetical person who does not have health insurance. On the other hand, attribute non-
attendance (ANA) in DCE was examined by identifying the extent of dominant behavior and 
by using an endogenous attribute attendance (EAA) model, introduced by Hole (2011). 
While non-attendance to the non-cost attributes may reflect the true preferences of 
respondents (e.g. an attribute is truly not relevant for some respondents and therefore they 
are not willing to pay for it) (Hole et al., 2016; Lanz & Provins, 2013), ignoring the cost 
attribute warrants more concern, as its coefficient (negative of) is used as a proxy for the 
marginal utility of income. For respondents with zero marginal utility of income, the 
individual WTP is not identified, and the overall distribution of WTP does not have finite 
moments (Scarpa et al., 2012). We show that accounting for ANA to the cost attribute can 
lead to more realistic WTP estimates derived from DCE and higher convergent validity 
across the two methods. 
 
Research questions 
This paper investigates whether DCE and PC methods yield comparable welfare estimates, 
and if the potential discrepancy in welfare estimates could be explained by strategic behavior 
of respondents when directly asked about their WTP and by non-trading behavior of 




4.2.1 Data collection 
 
A survey was conducted at the School of Dental Medicine, University of Zagreb, Croatia. 
Patients who attended the school clinic, which offers dental care without any out-of-pocket 
costs, were surveyed from March 2016 to January 2017 by using a structured questionnaire. 
The main method of data collection was self-administration, but face-to-face interview was 
used in some cases (e.g. older respondents). The response rate was 84%. A total of 592 
questionnaires were collected. A split-sample design was used in which participants were 
randomly allocated to either a DCE survey that evaluated patients’ preferences or to a non-
DCE survey that used the best-worst scaling (BWS) technique and the CV method to 
evaluate patients’ perceptions and WTP for faculty dental care. A total of 275 respondents 
participated in the DCE survey (valid responses from 265 respondents) and 244 respondents 
in the CV survey (valid responses from 222 respondents).    
 
4.2.2 Questionnaire design 
 
Respondents were first asked about their primary motivation for having dental care at the 
school clinic, followed by the perceived importance of selected dental care attributes and 
DCE choice tasks (in one version of the questionnaire) or BWS and CV tasks (in other 
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version of the questionnaire). After completing the choice tasks, they were asked follow-up 
questions on their decision behavior, certainty in choices and perceived choice task 
complexity. Final part of the questionnaire (in both versions) addressed the background 
information of the respondents (age, gender, education, family income, perceived quality of 
faculty dental care and their experience with dental care providers). The questionnaires were 
preliminarily tested to ensure that patients understood and could manage the tasks at hand.  
 
4.2.3 DCE study 
 
4.2.3.1 Selection of attributes  
 
Selection of the relevant choice attributes and their levels (Table 4.1) was based on literature 
review (e.g. Victoor et al., 2012; Kim et al., 2012; Kiiskinen et al., 2010), expert opinion of 
the faculty staff and the pilot survey (n=50). An alternative-specific design with the provider-
specific range of attribute levels for waiting time in the office and out-of-pocket costs was 
used, so to increase the realism of the choice task (Kiiskinen et al., 2010). The selected levels 
for the price attribute were based on the responses to the pilot study, which utilized the CV 
method to elicit patients’ WTP.  
 
Table 4.1: Choice attributes and their levels 16 
Attribute 
Attribute levels 
Faculty dental care 
provided by a student 
(supervised by faculty 
member) 
Faculty dental care 
provided by a faculty 
member 
Private dental care 
provided by a DMDa 
Explanation of dental treatment Detailed, None Detailed, None Detailed 
Dental staff behavior 
Warm and friendly, 
Formal and inattentive 
Warm and friendly, 
Formal and inattentive 
Warm and friendly 
Waiting time in the office 5, 20 min 20, 45 min 5 min 
Out-of-pocket cost (HRK)b 0, 75, 150, 300 150, 300, 375, 450 500 
a DMD = ‘Doctor of Dental Medicine’. 
b Prices are given in Croatian Kuna (HRK). The average annual exchange rate between the Euro and HRK for 2016 was 
EUR 1 = HRK 7.5 (http://ec.europa.eu/eurostat/web/exchange-rates).  
Source: Own work. 
 
4.2.3.2 Experimental design 
 
The full factorial experimental design produces 1024 (26 x 42) possible combinations of the 
attribute levels. To reduce the number of alternatives to a manageable level, a D-efficient 
fractional factorial design was generated in SAS software (Kuhfeld, 2010). The resulting 32 
choice sets were split into four blocks of eight choice sets to reduce respondent burden. Each 
choice set contained two alternative faculty dental care services (one provided by a student 
and the other by a faculty member), and an opt-out option of having the same treatment at a 
private dental practice at the average market price of HRK 500 (€67). An example of a choice 




4.2.3.3 Econometric framework 
 
Econometric analysis of DCE data is based on the random utility theory (Flynn et al., 2010; 
Lancsar & Louviere, 2008). The utility of individual n from choosing alternative i among J 
possible alternatives in a choice situation t is decomposed into a systematic component (Vnit) 
and a random component (ɛnit):
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𝑈𝑛𝑖𝑡 = 𝑉𝑛𝑖𝑡 + 𝑛𝑖𝑡 = 𝛽′𝑥𝑛𝑖𝑡 + 𝑛𝑖𝑡          (1) 
 
where xnit is the vector of choice attributes and β is the vector of preference parameters. 
Random term εnit is assumed to be independently and identically distributed according to the 
type I extreme value distribution.  
 
Different models can be used to estimate Eq. (1). Mixed logit model relaxes the restrictive 
assumptions of independence of irrelevant alternatives and preference homogeneity, which 
may lead to biased parameter estimates (Scarpa et al., 2012). This is accomplished by 
allowing the utility coefficients β to vary randomly over individuals. The choice probability 








𝑓(𝛽)𝑑𝛽          (2) 
 
where f(β) is a density function of β. The distributions of the random coefficients have to be 
specified by the researcher.  
 
4.2.3.3.1 Calculation of welfare measures 
 
When the cost is included as one of the attributes, respondents’ choices indicate how much 
they would be willing to pay for improvement in other attributes. Welfare measures can be 
calculated for simultaneous changes in multiple attributes, while considering the possible 
substitution effects among alternatives. Compensating variation is given by (Lancsar & 













]          (3) 
 
                                                          
3 The scale parameter was left out from the equation as it cannot be identified and is usually normalized to one  
(Lancsar & Louviere, 2008). 
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where λ is the marginal utility of income (assumed to be equal to the negative of the price 
coefficient), and 𝑉𝑗
0 and 𝑉𝑗
1 are the values of the indirect utility function before and after the 
change in the attribute levels under consideration. When evaluating the change in a single 
attribute, the welfare formula reduces to the ratio of the estimated attribute coefficient and 
the marginal utility of income. 
 
In the MXL model, specifying the cost attribute as randomly distributed may lead to the 
distributions of WTP which are heavily skewed and/or may not have defined moments (Hess 
& Train, 2017; Hole & Kolstad, 2012). Fixing the price coefficient, as is often done in the 
literature, avoids this problem; however, it implies a constant marginal utility of income, 
which is an unrealistic assumption. Alternatively, estimating the model in WTP space rather 
than in preference space may be a convenient solution to the problem, and recent studies 
suggested that this may yield more realistic WTP estimates (Hole & Kolstad, 2012; Train & 
Weeks, 2005). 
 
4.2.3.3.2 Estimation of MXL model in WTP space 
 
When estimating a model in WTP space, the standard utility expression is reformulated in 
such a way that the coefficients represent the WTP estimates (Train & Weeks, 2005): 
 
𝑈𝑛𝑖𝑡 = −𝛼𝑛𝑝𝑛𝑖𝑡 + 𝛽𝑛
′ 𝑥𝑛𝑖𝑡 + 𝑛𝑖𝑡 = −𝛼𝑛𝑝𝑛𝑖𝑡 + (𝛼𝑛𝑤𝑡𝑝𝑛)
′𝑥𝑛𝑖𝑡 + 𝑛𝑖𝑡          (4) 
 
where pnit denotes the cost attribute, and wtpn or marginal WTP for attributes is calculated 
as the ratio of an individual-specific attribute coefficient βn to the price coefficient αn 
assumed to be log-normally distributed, i.e. 𝑤𝑡𝑝𝑛 = 𝛽𝑛/𝛼𝑛. The researcher is therefore able 
to directly specify the distribution of WTP for an attribute. The model was estimated in Stata 
by using the mixlogitwtp command with 1,000 Halton draws.  
 
4.2.3.3.3 Endogenous attribute attendance (EAA) model 
 
The EAA model relaxes the DCE assumption of fully compensatory behavior and explicitly 
recognizes that respondents may consider only a subset of k attributes when making choices. 
Conditional on the choice of attribute subset Cq the utility that individual n derives from 
choosing alternative i on choice occasion t is specified as (Hole, 2011):  
 
𝑈𝑛𝑖𝑡 = ∑ 𝛽𝑘
′ 𝑥𝑘𝑛𝑖𝑡
𝑘∈𝐶𝑞
+ 𝑛𝑖𝑡          (5) 
 
where xknit represents the value of attribute k for alternative i on choice occasion t, and βk is 




The probability that individual n takes attribute k into account is given by exp(𝛾𝑘
′ 𝑧𝑛) /[1 +
exp(𝛾𝑘
′ 𝑧𝑛)] where zn is a vector of individual characteristics and γk are corresponding 













         (6) 
 
The unconditional probability of the observed sequence of choices is given by the probability 
of choosing attribute subset Cq multiplied by the probability of choosing alternative j on 
choice occasion t conditional on the choice of attribute subset Cq: 
 
𝑃𝑛
𝐸𝐴𝐴 = ∑ 𝐻𝑛𝐶𝑞 × ∏ ∏ [
exp (∑ 𝛽𝑘
′ 𝑥𝑘𝑛𝑗𝑡𝑘∈𝐶𝑞 )











         (7) 
 
 
where ynjt is equal to one if individual n choses alternative j on choice occasion t and zero 
otherwise. The EAA model was estimated in Stata by using the eaalogit command. 
 
4.2.4 Contingent valuation (CV) study 
 
4.2.4.1 Response format 
 
Payment card response format, which offers a range of values to respondents and asks them 
to circle the maximum amount they would be willing to pay, was used to elicit the 
respondents' WTP. This format has been used extensively in health care studies (Hanley, 
Ryan & Wright, 2003; Ryan & Watson, 2009). The values on the PC ranged from HRK 0 to 
HRK 500 (€67), as in the DCE. Respondents willing to pay more than HRK 500 (€67) were 
asked to state the maximum amount they would be willing to pay. Respondents who stated 
a WTP of HRK 0 were asked about their motive for the zero response. Possible responses 
were i) such service offers me no benefit, ii) I already pay too much for health care, iii) I 
cannot afford to pay and iv) something else. Options ii) and iii), combined with the WTP of 
HRK 0 for faculty dental care were used to identify protest responses. 
 
Prior to the WTP task, respondents were reminded to take into account their monthly 
household income, perceived quality of the faculty dental care and the average market price 
of HRK 500 (€67) for the hypothesized treatment in private dental offices. They were asked 
to value two extreme scenarios of faculty dental care: the 'best scenario', in which all dental 
care attributes had the most appealing level: faculty member as the dental care provider, 
detailed explanation of treatment, warm and friendly dental staff and 5-min waiting time in 
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the office, and the 'worst scenario', in which all attributes had the least appealing level: dental 
care provided by a student, no explanation of treatment, formal and inattentive staff and 45-
min waiting time in the office. The same attributes and their levels were used in the DCE 
study. A split sample approach was used with the two versions of the questionnaire that 
differed in the type of information provided in the CV question. In the self-assessment 
version of the questionnaire (n=121) respondents were asked about their maximum WTP for 
the described dental care delivery, while in the vignette version (n=123) respondents were 
asked to value the same delivery of dental care without mentioning the introduction of fees 
for respondents themselves, but only for a hypothetical person who does not have health 
insurance (and earns a similar amount of money as they do). The wording of each version is 
provided in Appendix 4.2. 
 
4.2.4.2 Analysis of PC data 
 
Responses to PC were assumed to follow a log-normal distribution (as in Mahieu, Riera & 
Giergiczny, 2012; Jobstvogt et al., 2014): 
 
log(𝑊𝑇𝑃𝑛 + 1) = 𝛽
′𝑥𝑛 + 𝑛          (8) 
 
where WTPn denotes the WTP for respondent n, xn is a vector of explanatory variables 
(individual characteristics) and εn an error term following a normal distribution with mean 
zero and standard deviation σ. As in Mahieu et al. (2012), the genuine zero responses were 
treated as left-censored observations. If a respondent circled another amount offered on the 
PC card, the response was treated as interval censored. Interpreting a PC response not as an 
exact statement of WTP but rather as an indication that respondents’ WTP lies somewhere 
between the chosen value (WTPLn) and the next larger value on the PC scale (WTPUn) is a 
common approach in the literature (Hynes et al., 2011; Hynes & Hanley, 2009). Otherwise, 
if respondents reported an amount not offered on the PC card, the response was treated as a 
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      (9) 
 
where observations 𝑛 ∈ 𝐶 represent point data, observations 𝑛 ∈ 𝐿 are left-censored, 
observations 𝑛 ∈ 𝑅 are right-censored, and observations 𝑛 ∈ 𝐼 are interval-censored. The 






The sociodemographic characteristics of respondents included in the DCE and CV surveys 
are reported in Table 4.2. No evidence of selection bias between the two surveys was found.  
 
Table 4.2: Characteristics of respondents in DCE and CV surveys 17 
Variable DCE CV 
χ2  
p-valuea 
Age (years)   0.353 
Up to 30 49.6% 45.4%  
30 to 49 26.1% 31.9%  
50 and over 24.3% 22.7%  
Gender (% of females) 61.3% 63.3% 0.656 
Education (% with university degree) 50.7% 44.1% 0.134 
Monthly household income (in HRK)   0.582 
3,500 or lower 11.2% 13.3%  
3,501 to 7,000 29.8% 33.3%  
7,001 to 10,500  33.2% 27.4%  
10,501 to 14,000 16.8% 15.4%  
More than 14,000 9.0% 10.7%  
Primary motive for visiting the dental school clinic   0.148 
Costs 8.8% 6.0%  
Service quality 47.8% 53.9%  
Recommendation from primary care dentist 37.5% 31.2%  
Other  5.9% 9.0%  
Prior experience with a dental care at the school clinic   0.415 
None 20.3% 14.9%  
One visit 14.7% 14.5%  
Two visits 12.4% 12.0%  
More than two visits 52.6% 58.5%  
a p-value for differences in the distribution of respondent characteristics across the two surveys. 
Source: Own work. 
 
4.3.1 Discrete choice experiment 
 
Alternative-specific constants (ASCs) were dummy-coded with ASCFACM (ASCSTUD) taking 
a value of 1 if dental care is provided by a faculty member (by a student), and 0 otherwise. 
Other categorical variables were effect-coded. Considering the alternative-specific design, 
the marginal utilities for the same attribute could differ across different alternatives. Then, 
the interactions between the alternative label and alternative-specific attributes should be 
introduced, so that the effect of an attribute is analyzed separately for each alternative 
(Blamey et al., 2000). However, when comparing the log-likelihoods of the unrestricted 
alternative-specific model and the restricted generic model (which assumes equal marginal 
attribute utilities across different care providers) the difference was not significant 
(likelihood ratio (LR) test, p=0.892), and the simpler generic model was used in the analysis 
(Blamey et al., 2000). The coefficients for treatment explanation, staff behavior and waiting 
time in the office were given a log-normal distribution, while the coefficients for ASCs were 




The results of the MXL model estimated in WTP space are reported in Table 4.3. The WTP 
distributions for the log-normal attributes were somewhat skewed, as demonstrated by the 
(back-transformed) means being larger than the medians. All coefficients had the expected 
sign, confirming the theoretical validity of the model. Statistically significant standard 
deviations of the random coefficients indicate that there is a considerable degree of 
heterogeneity in patients’ preferences for dental care. The most important attribute was 
treatment explanation, and patients would on average be willing to pay an extra HRK 357 
(178.358*2 due to effect-coding) (€48) for detailed treatment explanation compared to 
receiving no explanation. The second most important attribute of dental care was the 
behavior of dental staff with a marginal WTP of HRK 211 (€28) for warm and friendly dental 
staff over a formal and inattentive one. Care provided by a dental student was valued HRK 
163 (€22) less than dental care provided in a private dental office. Patients also preferred 
shorter waiting time, and would be willing to pay HRK 105 (€14) less for dental care if 
waiting time in the office increased from 20 to 45 minutes, and an extra HRK 38 (€5) if 
waiting time decreased from 20 to 5 minutes. 
 
Table 4.3: Results of MXL model in WTP space 18 
Attribute Mean S.E. Median S.E. Std. Dev. S.E. 
ASCFACM –5.888 37.130 –5.888 37.130 432.692*** 50.617 
ASCSTUD –162.953*** 43.482 –162.953*** 43.482 552.086*** 63.104 
Detailed explanation 178.358*** 25.499 115.533*** 18.514 209.772*** 64.309 
Warm and friendly staff 105.526*** 15.740 63.415*** 13.185 140.356*** 34.934 
Waiting time 5 min 59.973*** 19.273 54.381** 23.353 27.887 32.042 
Waiting time 45 min –82.384*** 19.710 –67.299*** 21.238 58.169*** 20.638 
Out-of-pocket cost –0.007*** 0.001 –0.007*** 0.001 0.002** 0.001 
Log-likelihood –1476.22 
Number of observations 6,360 
Sample size 265 
** significant at 5% level; *** significant at 1% level.  
Source: Own work. 
 
Patients were quite certain in their choices – 90% of them reported that they were (very) 
certain, with a mean score of 7.8 on a ten-point scale ranging from 1=’Very uncertain in my 
choices’ to 10=’Very certain in my choices’ (Bech et al., 2011). Most of the respondents 
(79%) could easily manage the choice tasks (i.e. gave a response of 3 or 4 on a four-point 
Likert scale anchored by 1=’Very difficult to answer choice questions’ to 4=’Very easy to 
answer choice questions’), while only 2% of respondents perceived the choice tasks as very 
difficult.  
 
Self-reported decision behavior of respondents suggests that a considerable share of 
respondents considered only a subset of attributes when making choices (Table 4.4). 
Respondents who stated that they made random choices among the alternatives were 
excluded from the analysis. Dominant behavior of respondents was identified by checking 
if the respondents always chose the alternative with the best level of a particular attribute 
independently of the levels of other attributes (Bech et al., 2011). The findings suggest that 
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42% of respondents had dominant preferences for one of the choice attributes, with the 
highest incidence of dominant preferences for price, care provider and treatment explanation 
(Table 4.4). 
 




Stated decision rule  
My choices were mostly random 2.3% 
I always picked the cheaper alternative because I am against service fees at the school clinic 6.0% 
I always picked the cheaper alternative because I cannot afford to pay 10.6% 
My choices were mainly guided by one or two attributes 36.2% 
Most attributes influenced my choices 44.5% 
Dominant choice behavior  
Always chose lower price 11.4% 
Always chose faculty member as care provider 10.7% 
Always chose detailed explanation of treatment 10.7% 
Always chose warm and friendly staff 3.7% 
Always chose shorter waiting time 0.7% 
Always chose opt-out option (dental care at a private practice) 4.8% 
Perceived difficulty of the choice task  
It was (very) easy to answer choice questions 79.2% 
Source: Own work. 
 
The choice behavior of respondents indicates that a considerable share of respondents may 
have ignored the cost attribute when making choices. The EAA model estimated that almost 
every second respondent (49%) did not take the cost into consideration when making 
choices, which was explicitly accounted for when deriving the utility and WTP estimates 
(Table 4.5). This model produced substantially lower estimates of WTP than the standard 
logit model which assumes full attendance to the choice attributes.4 
 
Table 4.5: Results of EAA model and standard logit model 20 
Attribute 
EAA model Logit model 
Estimate S.E. WTP (95% CI) Estimate S.E. WTP (95% CI) 
ASCFACM 0.298*** 0.083 26.6 (12.4; 40.7) 0.142 0.095 50.3 (–24.8; 125.3) 
ASCSTUD –0.708*** 0.113 –63.0 (–83.4; –42.6) –0.276* 0.161 –97.5 (–187.1; –8.0) 
Detailed explanation 0.544*** 0.040 48.5 (41.0; 55.9) 0.433*** 0.034 153.3 (105.7; 200.8) 
Warm and friendly staff 0.304*** 0.038 27.1 (20.0; 34.1) 0.261*** 0.034 92.3 (58.0; 126.7) 
Waiting time 5 min 0.239*** 0.085 21.2 (6.3; 36.2) 0.214*** 0.070 75.9 (23.8; 128.0) 
Waiting time 45 min –0.316*** 0.081 –28.1 (–42.4; –13.7) –0.278*** 0.072 –98.5 (–154.5; –42.5) 
Out-of-pocket cost –0.011*** 0.001  –0.003*** 0.000  
γcost 0.030 0.145     
Probability of ANA to 
the cost attribute 
0.492*** 0.036     
Log-likelihood –1741.10 –2030.27 
Number of observations 6,360 6,360 
Sample size 265 265 
* significant at 10% level; *** significant at 1% level. 
Ninety-five percent confidence intervals (95% CIs) were calculated using the delta method. 
Source: Own work. 
                                                          
4 We also estimated the EAA model with sociodemographic variables as covariates of ANA, where the age of respondents 
and their education level negatively affected the probability of attending to the cost attribute. Other socio-demographic 
variables (gender, monthly household income and dental care experience) were not statistically significant determinants of 
ANA. The results are available from the authors upon request.  
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4.3.2 Contingent valuation survey 
 
After removing 22 incomplete or protest responses, the final data set included 222 
observations for each of the two scenarios that had been valued. Observed responses to PC 
for the best scenario (i.e. dental care provided by a faculty member, detailed explanation of 
treatment, warm and friendly staff and 5-min waiting time) and the worst scenario (i.e. dental 
care provided by a student, no explanation of treatment, formal and inattentive staff and 45-
min waiting time) are reported in Table 4.6. 
 
Table 4.6: Responses to PC 21 
WTP value (in HRK) 
Best scenario Worst scenario 
N % N % 
Values presented in PC     
0 . . 69 31.1% 
75 12 5.4% 25 11.3% 
100 21 9.5% 35 15.8% 
150 10 4.5% 16 7.2% 
200 27 12.2% 19 8.6% 
250 20 9.0% 25 11.3% 
300 32 14.4% 17 7.7% 
350 18 8.1% 2 0.9% 
400 22 9.9% 3 1.4% 
450 1 0.5% . . 
500 46 20.7% 8 3.6% 
Values offered by respondents in 
open-ended question 
    
20 . . 1 0.5% 
50 1 0.5% . . 
700 2 0.9% 1 0.5% 
750 4 1.8% . . 
1000 6 2.7% 1 0.5% 
Source: Own work. 
 
The results of the interval regression model for the best scenario, the worst scenario and for 
the differences in WTP values elicited for the best and worst scenarios are reported in Table 
4.7. Age and income had positive influence on respondents’ WTP for the best scenario of 
dental care delivery, while having prior experience with faculty dental care on average led 
to a lower estimate of WTP. While income was not a significant determinant of WTP for the 
worst possible scenario, this variable was the only determinant of the difference in WTP 
values between the best and worst scenarios.   
 
For the best scenario, respondents would be on average willing to pay HRK 355 (€47), with 
a median of HRK 303 (€40). The self-assessment and vignette versions of the questionnaire 
revealed similar WTP estimates (HRK 347 or €46 and HRK 363 or €48) with overlapping 
95% confidence intervals. On the other hand, for the worst possible scenario respondents 
would be on average willing to pay HRK 125 (€17), with a median of HRK 91 (€12). 
Considering a change from the worst to the best possible scenario, respondents would be on 
average willing to pay HRK 225 (€30), with a median WTP of HRK 176 (€23). The mean 
WTP for this improvement was HRK 250 (€33) in the self-assessment version of the 
questionnaire and HRK 200 (€27) in the vignette version. Patients were quite certain in stated 
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WTPs – 77% of them reported that that they were (very) certain in the stated amounts of 
WTP, with a mean score of 7.3 on a ten-point scale. 
 
Table 4.7: Results of interval regression model for PC data 22 
 
Variable 
Best scenario Worst scenario Best – Worst 
Estimate S.E. Estimate S.E. Estimate S.E. 
Constant 5.554*** 0.134 4.478*** 0.198 5.067*** 0.072 
Age 0.008*** 0.002 0.009** 0.004 ns  
High income 0.164** 0.074 ns ns 0.200** 0.099 
Past experience –0.235** 0.102 –0.330** 0.160 ns  
Log of the estimated S. E.  –0.609*** 0.048 –0.253*** 0.073 –0.363*** 0.053 
       




































































Log-likelihood (full model) –448.64 –332.11 –376.17 
Sample size 222 222 222 
** significant at 5% level; *** significant at 1% level. 
Ninety-five percent confidence intervals (95% CIs) were calculated using the delta method. 
Source: Own work. 
 
4.3.3 Comparison of welfare estimates 
 
Possible substitution effects were taken into account when calculating the welfare measures 
from DCE data by using Eq. (3). The mean welfare estimates for a change from the worst to 
the best possible scenario derived from the MXL model (HRK 746 or €99) and the standard 
logit model (HRK 625 or €83) were more than two times higher compared to the estimates 
from the EAA model (HRK 288 or €38), in which non-attendance to the cost attribute was 
explicitly modelled (Table 4.8). The EAA model produced similar estimates (with 
overlapping 95% confidence intervals) as the PC model, which yielded the lowest mean 
welfare estimate of HRK 225 (€30). 
 
Table 4.8: Comparison of mean welfare measures derived from different models 23 
Welfare measure 
Model 
MXLa Logit EAA PC 










a Based on MXL model estimated in preference space. 
Best scenario: Dental care provided by a faculty member, detailed explanation of treatment, warm and friendly staff, 5-
min waiting time in the office; Worst scenario: Dental care provided by a student, no explanation of treatment, formal 
and inattentive staff, 45-min waiting time in the office. 
Ninety-five percent confidence intervals were calculated using the delta method. 





Willingness-to-pay studies often found high agreement within direct or indirect methods, 
but less agreement between these methods (Louviere & Islam, 2008). Our results are 
consistent with the literature showing that direct methods of valuation tend to yield more 
conservative WTP estimates than indirect methods (Hanley et al., 2003; Ryan & Watson, 
2009; van der Pol et al., 2008). This raises the question of which elicitation method produces 
estimates closer to the individuals’ true WTP. There is limited evidence concerning the 
external validity of WTP estimates in health care, due to the difficulty of designing external 
validity tests in this context (Ryan & Watson, 2009). In the absence of external validity 
measure, and with both DCE and CV methods producing theoretically valid results, we 
examined the extent of two important biases, namely strategic behavior and ANA, to gain 
some insights into which welfare estimate may be closer to the true preferences of patients. 
 
Strategic behavior in CV may lead to downward bias or deliberate under-estimation of the 
value of a good if respondents believe that the survey is being used for pricing purposes 
(Carson & Czajkowski, 2014). A vignette technique was used to assess the extent of strategic 
behavior in PC responses. Both self-assessment and vignette versions of the CV question 
produced similar WTP estimates for the best scenario. Thus, strategic behavior in terms of 
deliberate under-estimation of the value of dental care delivery was not evident.  
 
The literature suggests that CV related biases, such as protest and strategic behavior, may be 
reduced in a DCE because less emphasis is put on the cost (Hanley et al., 2001). However, 
respondents in a DCE may act strategically as well, by applying heuristics and not 
considering all attributes that describe the alternatives, which may lead to biased utility and 
WTP estimates (Carlsson et al., 2010; Hole et al., 2013). Campbell, Hutchinson & Scarpa 
(2006, 2008) and Hensher et al. (2005a) found significantly lower WTP estimates when 
ANA was accounted for. Conversely, Hensher & Green (2010) found the opposite result. 
Ignorance of attributes is often considered to be a simplifying strategy to manage the 
cognitive burden of the choice task (Hanley et al., 2001; Hensher et al., 2005a; Hole et al., 
2013). However, this could also be a reflection of true preferences if a particular attribute or 
its levels are simply not important to a respondent (Campbell et al., 2006; Carlsson et al., 
2010; Hole et al., 2016; Lancsar & Louviere, 2006). In our study, since the majority of 
respondents perceived the choice tasks as (very) easy, non-attendance to the attributes could 
be best explained by true irrelevance rather than by the simplifying decision behavior, 
although the latter cannot be ruled out completely. Therefore, the parameter estimates were 
not adjusted for non-attendance to other than the cost attribute, which would otherwise lead 
to higher WTP estimates (Hole et al., 2016). As the negative of the cost coefficient is used 
as a proxy for the marginal utility of income when calculating WTP, its ignorance cannot be 
justified even if its levels in the experiment are truly not behaviorally relevant to a 
respondent. Near-zero coefficient for the cost attribute will make the WTP ratio 'explode' 
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into a very large number (Scarpa et al., 2012). Furthermore, this will not only influence WTP 
estimates for a single attribute, but also WTP estimates for all choice attributes.  
 
There are different reasons why respondents may ignore the cost attribute, such as to 
communicate that the issue at hand is very important to them (e.g. that they have very strong 
preferences for improvements in the delivery of health care) or to protest against the trade-
off between money and health care attributes (Carlsson et al., 2010; Lanz & Provins, 2013). 
Non-attendance to the cost attribute may also signal indifference to the specified price levels 
(Hole et al., 2016). A DCE study by Campbell et al. (2006) revealed that almost every third 
respondent ignored the cost attribute, which was the attribute least taken into account by 
respondents. This raises concerns for derived WTP estimates, and is consistent with our 
findings that many respondents chose their preferred dental care delivery irrespective of the 
costs involved. Assuming full attendance to the choice attributes yielded biased welfare 
estimates, which were substantially lower and closer to PC estimates when non-attendance 
to the cost attribute was accounted for. While the EAA model produced intriguing results, 
the derived WTP estimates only apply to a subset of population who did not ignore the cost 
attribute, as nothing can be inferred about the WTPs of other respondents (Hole, 2011).  
 
The household income influenced WTP estimates in the PC format, but not preferences in 
the DCE (results of the latent class model are available from the authors upon request) or 
probability of attendance to the cost attribute, which may suggest that the former method 
was more valid. However, the WTP estimate from CV may also be an underestimate of 
respondents' true WTP. Studies have shown that the PC method may be susceptible to 
centering and range bias, meaning that a different range of values on the card may affect 
mean WTP estimates (Jobstvogt et al., 2014; Hynes & Hanley, 2009; Venkatachalam, 2004). 
As respondents were given the option to provide a value outside of the range used in PC, 
this may not be a major concern; however, as our study was not designed for measuring this 
type of bias specifically, we cannot rule out the possibility of a range bias. Our analysis has 
other limitations. The estimated extent of ANA in a DCE may be confounded with 
preference heterogeneity, as the latter is ignored by the EAA model (Hole et al., 2016). 
However, the extent of identified dominant preferences supports the findings of the EAA 
model that a considerable share of respondents might have ignored the cost attribute. 
Furthermore, the welfare measures elicited through DCE and CV were based on different 
subsamples of respondents. While no evidence of selection bias was found between DCE 
and CV surveys, unobserved differences across respondents could still distort direct 
comparison of the results. However, using both DCE and CV tasks in the same questionnaire 
increases the cognitive burden and may be susceptible to ordering effects. Brouwer, Logar 
& Sheremet (2017) showed that a significantly lower mean WTP estimate was generated 
when the direct open-ended WTP question was asked after the DCE than when it was asked 
before the DCE. The close succession of DCE and CV in the survey might cause an 
anchoring effect (Brouwer et al., 2017; Jobstvogt et al., 2014). Finally, our analysis is less 
rigorous than comparing against actual behavior. However, as in many applications in health 
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care, it was not possible to assess external validity of estimates since individuals do not pay 
at the point of consumption. This would be a valuable extension to the analysis reported 




This paper compared the welfare estimates from the DCE and CV methods, and found 
significant differences. While strong evidence of strategic behavior in the direct estimation 
of WTP was not found, almost every second DCE respondent appears to have ignored the 
cost attribute. More than two times higher mean welfare estimate from DCE compared to 
PC was substantially lower and closer to the PC estimate when non-attendance to the cost 
attribute was accounted for. The findings suggest that direct elicitation of WTP produced 
more valid estimates, and raise concerns about the derived WTP measures in DCE studies 
that did not consider ANA during the estimation process. The extent of the problem should 
be verified in other health care contexts.  
 












5 Paper 4: ESTIMATING ATTRIBUTE-SPECIFIC WILLINGNESS-
TO-PAY VALUES FROM CONTINGENT VALUATION STUDY: A 




Willingness-to-pay (WTP) measures are often elicited through contingent valuation (CV) 
and discrete choice experiment (DCE) surveys. The literature suggests that DCEs are capable 
of avoiding some of the adverse response behavior often observed in CV surveys. However, 
there is a limit on how much information respondents can handle when making choices. 
Discrete choice studies have shown that respondents often employ heuristics to simplify the 
choice task, and may ignore the cost attribute itself, thus precluding the calculation of 
marginal WTP values. The CV method provides a direct measurement of respondents' WTP, 
thereby avoiding issues raised by ignoring the cost attribute in DCE surveys. However, a 
typical CV study offers no information about the value of the individual attributes that 
comprise a good, which can be an important limitation. To deal with this shortcoming, this 
paper uses additional valuation tasks in a form of combined best-worst scaling (BWS) and 
binary DCE choices, also known as the best-worst choice (BWC) technique, which evaluated 
the same attributes as the CV exercise. The data from BWS and DCE were synthesized to 
derive the attribute-specific WTP values from the holistic WTP values estimated through the 
CV method. The methodology was applied to estimate the dental school patients' WTP for 
dental care delivery at the school clinic. Derived welfare estimates were compared with the 
traditional welfare estimates obtained through a separate DCE survey and estimated by 
accounting for non-attendance to the cost attribute. A broad similarity in estimates was found 
between the two methods.  
 






Willingness-to-pay (WTP) measures provide information about the value people assign to 
different goods or services. They are popular in health economics for estimating the strength 
of preferences for health care interventions (Hole & Kolstad, 2012; Vernazza et al., 2015). 
Contingent valuation (CV) and discrete choice experiments (DCEs) are the main stated 
preference techniques used to estimate WTP measures (Hanley et al., 2003; Hynes et al., 
2011). The former uses a direct question to elicit WTP, i.e. directly asks respondents how 
much they would be willing to pay for a specific health care intervention. On the other hand, 
instead of valuing the policy output as a whole, DCEs describe a good in terms of a number 
of characteristics or attributes that can take different values, and are combined in an 
experimental design to describe different choice alternatives. Multiple alternatives are 
offered in each choice set, and respondents are asked to choose their preferred alternative. 
Their choices imply implicit trade-offs between the attributes they would be willing to make, 
which could be used to estimate the weight or relative impact of various service attributes 
(Hoyos, 2010). When the cost is included as an attribute, the marginal utility estimates from 
the DCE model can be converted into WTP estimates associated with a change in a single 
or several health care attributes (Lancsar & Louviere, 2008). 
 
The literature suggests that DCEs are a preferable elicitation method that avoids some of the 
adverse response behavior often observed in CV studies, such as protest and strategic 
behavior (Hanley et al., 2001; Kjaer, 2005). However, cognitive difficulty of DCEs often 
leads to undesirable choice behavior, such as the use of heuristics to simplify the choice task 
(DeShazo & Fermo, 2002). Recent studies have shown that respondents often ignore one or 
more attributes when making choices, which may lead to biased WTP estimates (Carlsson 
et al., 2010; Hensher et al., 2005a; Hole et al., 2013). In general, the choice of a preferable 
technique depends on the valuation context (whether the focus is on a good as a whole or on 
its attributes) and the context-specific propensity to the adverse response behavior associated 
with each method (Hanley et al., 2003; Hynes et al., 2011). The main distinction between 
the outputs of CV and DCE models is the ability to provide the values of the individual 
attributes of a good: while DCE is capable of measuring the marginal value of an attribute, 
CV values a good as a whole (Hynes et al., 2011). When management decisions are based 
on the changes in the levels that attributes take and not just whether to provide certain good 
or not, this distinction plays an important role. 
 
To deal with this shortcoming of the CV method, this paper uses additional valuation tasks 
in the form of combined best-worst scaling (BWS) and binary DCE choice tasks, also known 
as best-worst choice (BWC) (Soto et al., 2016). The data from BWS and DCE were 
synthesized to derive the marginal WTP estimates for individual attributes of a good, when 
only the value of a good as a whole has been estimated (in a CV task). The proposed 
methodology recognizes the ability of BWS to provide the values of all attribute levels on a 
common scale and the ability of DCE to perform unconditional demand analysis by 
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considering the substitution effects between different options available in real life. The 
methodology was applied to estimate the dental school patients' WTP for dental care delivery 
at the school clinic. This empirical case study demonstrates its potential usefulness, as in a 
traditional DCE survey, applied in the same context (but on a different subset of 
respondents), a substantial share of respondents had apparently ignored the cost attribute. In 
a multiprofile choice study, nothing can be said about WTP values of respondents who 
ignore the cost attribute, and including such respondents into welfare analysis may bias WTP 
estimates (Hole, 2011). Non-attendance to the cost attribute was accounted for in the analysis 
of the DCE survey by using an endogenous attribute attendance (EAA) model (Hole, 2011). 
The welfare estimates from this model were compared with the (attribute-specific) welfare 
estimates derived from the holistic WTP values estimated in the CV task. A broad similarity 
in estimates between the two methods was detected, indicating that the proposed 
methodology could be a valuable alternative to traditional DCEs when the choice behavior 




5.2.1 The study 
 
A survey was conducted at the School of Dental Medicine, University of Zagreb, Croatia. 
Patients who attended the school clinic, which offers dental care without any out-of-pocket 
costs, were surveyed from March 2016 to January 2017 by using a structured questionnaire. 
The main method of data collection was self-administration, but face-to-face interview was 
used in some cases (e.g. older respondents). The response rate was 84%. A total of 592 
questionnaires were collected. A split-sample design was used in which participants were 
randomly allocated to either a DCE survey or to a BWC-CV survey to evaluate patients’ 
preferences and WTP for faculty dental care. A total of 244 respondents participated in the 
latter survey (valid CV responses from 222 respondents and valid responses to all choice 
tasks from 188 respondents), while 275 respondents participated in the former survey (valid 
responses from 265 respondents). 
 
5.2.2 Questionnaire design 
 
Respondents were first asked about their primary motivation for having dental care at the 
school clinic, followed by the perceived importance of selected dental care attributes and 
DCE choice tasks (in one version of the questionnaire) or BWC and CV tasks (in the other 
version of the questionnaire). After completing the choice tasks, they were asked follow-up 
questions on their choices. Final part of the questionnaire (in both versions) addressed the 
background information of respondents (age, gender, education, family income, perceived 
quality of faculty dental care and their experience with dental care providers). The 
questionnaires were preliminarily tested to ensure that patients understood and could manage 
the tasks at hand. 
65 
 
5.2.3 BWC-CV survey 
 
5.2.3.1 Best-worst choice task 
 
The selection of relevant choice attributes and their levels was based on literature review 
(e.g. Victoor et al., 2012; Kim et al., 2012; Kiiskinen et al., 2010), expert opinion of the 
faculty staff and pilot survey (n=50). In each BWC task, respondents were presented with a 
single profile (or scenario) of dental care delivery described by the levels of four attributes 
presented in Table 5.1, and asked to select the best and the worst attribute level of that profile. 
This type of BWS is known as profile case (or case 2) (Flynn et al., 2007; Louviere, Flynn 
& Marley, 2015).   
 
Table 5.1: Choice attributes and their levels 24 
Attribute Attribute levels 
Dental care provider 
Faculty member, Student (supervised by 
faculty member) 
Explanation of dental treatment Detailed, None 
Dental staff behavior 
Warm and friendly, Formal and 
inattentive 
Waiting time in the office 5, 20, 45 min 
Source: Own work. 
 
After each BWS task, subjects performed an additional binary choice DCE task of accepting 
or rejecting an entire scenario (i.e. an appointment that exhibited such a combination of 
attribute levels). An example of a choice task is shown in Figure 5.1. A full factorial design 
was used to construct the choice profiles. The resulting 24 (23 x 3) choice profiles were 
blocked to reduce respondent burden. Respondents were randomly allocated to one of the 
two versions of the questionnaire containing 12 dental care scenarios.  
 
Figure 5.1: Example of a BWC task 25 
 




5.2.3.2 Contingent valuation task 
 
Payment card (PC) response format, which offers a range of values to respondents and asks 
them to circle the maximum amount they would be willing to pay, was used to elicit 
respondents' WTP. This format has been used extensively in health care studies (Hanley et 
al., 2003; Ryan & Watson, 2009). The values on the PC ranged from HRK 0 to HRK 500 
(€67). Respondents willing to pay more than HRK 500 (€67) were asked to state the 
maximum amount they would be willing to pay. Respondents who stated a WTP of HRK 0 
were asked about their motive for the zero response. Answers ‘I already pay too much for 
health care’ and ‘I cannot afford to pay’ were identified as protest responses. 
 
Prior to the WTP task, respondents were reminded to take into account their monthly 
household income, perceived quality of the faculty dental care and the average market price 
of HRK 500 (€67) for the hypothesized treatment in private dental offices. They were asked 
to value two extreme scenarios of faculty dental care: the best scenario – dental care provided 
by a faculty member, detailed explanation of treatment, warm and friendly staff and 5-min 
waiting time in the office, and the worst scenario – dental care provided by a student, no 
explanation of treatment, formal and inattentive staff and 45-min waiting time in the office.  
 
5.2.4 DCE survey 
 
A DCE survey used the same attributes and their levels as BWC survey, but an additional 
attribute ‘out-of-pocket cost’ was added to enable the estimation of marginal WTP values 
for dental care attributes (Table 5.2). An alternative-specific design with the provider-
specific range of attribute levels for waiting time in the office and out-of-pocket costs was 
used, so to increase the realism of the choice task. The selected levels for the price attribute 
were based on the responses in the pilot study, which utilized the CV method to elicit 
patients’ WTP.  
 
Table 5.2: Choice attributes and their levels 26 
Attribute 
Attribute levels 
Faculty dental care 
provided by a student 
(supervised by faculty 
member) 
Faculty dental care 
provided by a faculty 
member 
Private dental care 
provided by a DMDa 
Explanation of dental treatment Detailed, None Detailed, None Detailed 
Dental staff behavior 
Warm and friendly, 
Formal and inattentive 
Warm and friendly, 
Formal and inattentive 
Warm and friendly 
Waiting time in the office 5, 20 min 20, 45 min 5 min 
Out-of-pocket cost (HRK)b 0, 75, 150, 300 150, 300, 375, 450 500 
a DMD = ‘Doctor of Dental Medicine’. 
b Prices are given in Croatian Kuna (HRK). The average annual exchange rate between the Euro and HRK for 2016 was 
EUR 1 = HRK 7.5 (http://ec.europa.eu/eurostat/web/exchange-rates).  




A D-efficient fractional factorial design was generated in SAS software (Kuhfeld, 2010). 
The resulting 32 choice sets were split into four blocks of eight choice sets to reduce 
respondent burden. Each choice set contained two alternative faculty dental care services 
(one provided by a student and the other by a faculty member), and an opt-out option of 
having the same treatment at a private dental practice at the average market price of HRK 
500 (€67). An example of a choice set is presented in Appendix 5.1.  
 
5.2.5 Modelling approach 
 
5.2.5.1 Analysis of PC data from CV task 
 
Responses to PC were assumed to follow a log-normal distribution: 
 
log(𝑊𝑇𝑃𝑛 + 1) = 𝛽
′𝑥𝑛 + 𝑛          (1) 
 
 
where WTPn denotes the WTP for respondent n, xn is a vector of explanatory variables and 
εn an error term following a normal distribution with mean zero and standard deviation σ. As 
in Mahieu et al. (2012), the genuine zero responses were treated as left-censored 
observations. If a respondent circled another amount offered on the PC card, the response 
was treated as interval censored. Interpreting a PC response not as an exact statement of 
WTP but rather as an indication that respondents’ WTP lies somewhere between the chosen 
value (WTPLn) and the next larger value on the PC scale (WTPUn) is a common approach in 
the literature (Hynes et al., 2011). Otherwise, if respondents reported an amount not offered 
on the PC card, the response was treated as a point estimate. The corresponding log-
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where observations 𝑛 ∈ 𝐶 represent point data, observations 𝑛 ∈ 𝐿 are left-censored, 
observations 𝑛 ∈ 𝑅 are right-censored, and observations 𝑛 ∈ 𝐼 are interval-censored. The 






5.2.5.2 Analysis of BWS data 
 
The BWS data were analyzed within a standard random utility framework (Erdem & 
Campbell, 2017; Louviere et al., 2015). A maxdiff formulation of BWS model was used, 
which assumes that respondents choose the best-worst pair with the greatest utility difference 
from all possible pairs in a scenario, i.e. the pair perceived to be the farthest apart on an 
underlying latent utility scale (Flynn et al., 2007; Louviere & Islam, 2008). Considering the 
number of attributes used in this study, respondents could choose among 12 best-worst pairs 
in a given situation. The utility of individual n from choosing the best-worst pair i among J 
unique best-worst pairs in a given choice situation t is given by the difference in utility 
between the best (xb) and worst (xw) attribute levels (Campbell & Erdem, 2015):
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𝑈𝑛𝑖𝑡 = 𝛽𝑥𝑏𝑛𝑖𝑡 − 𝛽𝑥𝑤𝑛𝑖𝑡 + 𝑛𝑖𝑡          (3) 
 
where β is the vector of estimated parameters, and the random term εnit is assumed to be 
independently and identically distributed according to the type I extreme value distribution. 
The probability of choosing the best-worst pair i can be specified in a standard multinomial 
logit (MNL) formulation: 
 
𝑃𝑛𝑖𝑡 =
exp(𝛽𝑥𝑏𝑛𝑖𝑡 − 𝛽𝑥𝑤𝑛𝑖𝑡  )
∑ exp(𝛽𝑥𝑏𝑛𝑗𝑡 − 𝛽𝑥𝑤𝑛𝑗𝑡)
𝐽
𝑗=1
          (4) 
 
In a profile case BWS, a single attribute level acts as a reference case, not an entire scenario 
as in a DCE, thereby allowing the relative positions of all attribute levels to be estimated on 
a common interval utility scale (Flynn et al., 2007; Flynn, Peters & Coast, 2013; Louviere 
et al., 2015). When the effect-coding is used, the model is capable of directly estimating the 
relative attribute impacts (defined as the average utility of an attribute across all its levels) 
for all but one attribute which acts as a reference, as well as the attribute level utilities (scale 
values) which represent the deviations in utility from the average impact of an attribute and 
sum to zero (Flynn et al., 2007; Flynn, Louviere, Peters & Coast, 2008; Lancsar et al., 2007).6  
 
5.2.5.3 Deriving attribute-specific WTP estimates from CV data 
 
The BWS utility values estimated in the MNL model were rescaled, so that the total utility 
of the worst scenario (dental care provided by a student, no explanation of treatment, formal 
and inattentive staff and 45-min waiting time in the office) is equal to zero, and the total 
utility of the best scenario (dental care provided by a faculty member, detailed explanation 
of treatment, warm and friendly staff and 5-min waiting time in the office) is equal to one. 
                                                          
5 The scale parameter, which is inversely proportional to the variance of the error term σƐ and scales the true parameter 
estimates, was left out from the equation as it cannot be identified and is usually normalized to one (Hoyos, 2010). 
6 Marley, Flynn & Louviere (2008) argued that the term 'impact' (in the sense of influence on the choices made) is 
appropriate for both the average of the scale values on an attribute and for the scale values of attribute levels. 
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Following Coast et al. (2008), we subtracted 1/4 of total utility for the worst scenario 
(calculated as a sum of corresponding attribute level utilities) from all the BWS attribute 
level utilities, which ensured that the worst scenario had zero utility. Furthermore, dividing 
all attribute level utilities by the total value of the best scenario ensured that this scenario 
had utility of one; thus, the utilities of all dental care scenarios were anchored between zero 
and one. The values of the BWS index for different dental care scenarios were mapped to 
WTP space (anchored by the average WTP estimate for the worst possible and the best 
possible scenario estimated in the CV task) by using a linear transformation rule: 
 
𝑊𝑇𝑃𝑦 = 𝑊𝑇𝑃𝑤 + (𝐼𝑦 − 𝐼𝑤)
𝑊𝑇𝑃𝑏 − 𝑊𝑇𝑃𝑤
𝐼𝑏 − 𝐼𝑤
         (5) 
 
where WTPy and Iy are the estimated WTP value and BWS index value for intervention y 
(described by the particular values of four dental care attributes), WTPb and WTPw are WTP 
values for the best and the worst dental care intervention estimated in the CV task, and Ib 
and Iw are BWS index utility values for such dental care interventions (equal to one and 
zero).   
 
The BWS data provide utility estimates on an interval scale with an unknown anchor, which 
means that we cannot know at which point the utility for an intervention becomes positive, 
indicating that respondents will actually choose to attend the appointment (Flynn et al., 
2008). Hence, respondents are assumed to actually choose evaluated intervention, which 
ignores substitution effects. Furthermore, BWS data differ conceptually from those involved 
in traditional DCEs. In a BWS task, individuals are not asked to trade one thing for another. 
The choices are made within, rather than between alternatives. Therefore, it can be argued 
that values and not preferences are elicited (Coast et al., 2008). However, it may not be 
unreasonable to believe that BWS and DCE could be closely related (Flynn et al., 2013). 
The equality of parameter estimates between different data sources could be tested by 
pooling the data and using the Swait-Louviere test. This test compares the (sum of) log-
likelihoods of separate choice models with the log-likelihood of the pooled model which 
allows the scale parameter (which is inversely proportional to the variance of the error term 
and scales the true parameter estimates) to differ between the data sources (Swait & 
Louviere, 1993). Besides polling the BWS and DCE data from the BWC task, and to get a 
deeper insight into differences in preferences elicited by the two methods, the DCE model 
was recoded by using a similar procedure as described in Flynn et al. (2013). Standard 
dummy coding for an attribute in a DCE model was replaced with utility differences between 
the levels of that attribute estimated separately in a BWS model, followed by a standard 
(MNL) estimation of the recoded DCE model. In the case of preference homogeneity 
between BWS and DCE models, the parameter estimates from recoded DCE model should 




To deal with the potential shortcomings of BWS data and derived WTP values (i.e. ignoring 
the substitution effects and not reflecting the trade-offs respondents are willing to make), the 
WTP values were adjusted by using the information on the attribute level impacts provided 
by the DCE part of the BWC task. Unlike in BWS, the relative attribute impacts cannot be 
estimated directly in traditional DCE models, as parameter estimates are confounded with 
the underlying subjective scale of the utilities (Lancsar, Louviere, Donaldson, Currie & 
Burgess, 2013). Investigating the relative impacts of attributes requires that they are 
measured on a common, comparable scale. They can be measured by calculating the 
probability of choosing an alternative given a particular attribute level(s) (Lancsar et al., 





          (6) 
 
where Pnit is the probability that individual n chooses alternative i among J possible 
alternatives in a choice set t (Flynn et al., 2013). To derive the final (expected) welfare 
measures, the initially estimated WTP value (based on BWS and CV data) for a specific 
dental care appointment was weighted by the probability of attending that appointment.  
 
5.2.5.4 Estimating WTP from traditional DCE survey: EAA model 
 
The EAA model relaxes the assumption of fully compensatory behavior imposed in DCEs 
(which implies that a deterioration in one attribute can be compensated by an improvement 
in other attribute), and explicitly recognizes that respondents may consider only a subset of 
k attributes when making choices. Conditional on the choice of attribute subset Cq the utility 
that individual n derives from choosing alternative i on choice occasion t is specified as 
(Hole, 2011):  
 
𝑈𝑛𝑖𝑡 = ∑ 𝛽𝑘
′ 𝑥𝑘𝑛𝑖𝑡
𝑘∈𝐶𝑞
+ 𝑛𝑖𝑡          (7) 
 
where xknit represents the value of attribute k for alternative i on choice occasion t, and βk is 
the preference weight given to that attribute. 
 
The probability that individual n takes attribute k into account is given by exp(𝛾𝑘
′ 𝑧𝑛) /[1 +
exp(𝛾𝑘
′ 𝑧𝑛)] where zn is a vector of individual characteristics and γk are corresponding 

















The unconditional probability of the observed sequence of choices is given by the probability 
of choosing attribute subset Cq multiplied by the probability of choosing alternative j on 
choice occasion t conditional on the choice of attribute subset Cq: 
 
𝑃𝑛
𝐸𝐴𝐴 = ∑ 𝐻𝑛𝐶𝑞 × ∏ ∏ [
exp (∑ 𝛽𝑘
′ 𝑥𝑘𝑛𝑗𝑡𝑘∈𝐶𝑞 )











         (9) 
 
 
where ynjt is equal to one if individual n choses alternative j on choice occasion t and zero 




The sociodemographic characteristics of respondents included in the DCE and BWC-CV 
surveys are reported in Appendix 5.2. No evidence of selection bias between the two surveys 
was found. 
 
5.3.1 BWC-CV survey  
 
5.3.1.1 Direct estimation of patients' WTP for dental care  
 
The contingent valuation task (in a PC format) was used to directly estimate the monetary 
value associated with the best delivery of dental care at the school clinic (i.e. dental care 
provided by a faculty member, detailed explanation of treatment, warm and friendly staff, 
and 5-min waiting time) and the worst delivery (i.e. dental care provided by a student, no 
explanation of treatment, formal and inattentive staff, and 45-min waiting time). After 
removing 22 incomplete or protest responses, the final data set included 222 observations 
for each of the two scenarios that had been valued.7 The results of the interval regression 
model for the best and worst scenarios of dental care delivery are reported in Table 5.3. The 
best scenario was on average valued at HRK 355 (€47), and the worst scenario at HRK 125 
(€17). Age had positive influence on respondents' WTP for both scenarios, while having 
prior experience with the faculty dental care on average led to a lower estimate of WTP. 
High income had positive influence on respondents’ WTP for the best scenario of dental care 
delivery at the school clinic.  
  
  
                                                          
7 Practically the same estimates of WTP were obtained when using only a subset of respondents who had valid responses 
to all BWC tasks. 
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Table 5.3: Results of interval regression model for PC data 27 
 
Variable 
Best scenario Worst scenario 
Estimate S.E. Estimate S.E. 
Constant 5.554*** 0.134 4.478*** 0.198 
Age 0.008*** 0.002 0.009** 0.004 
High income 0.164** 0.074 ns ns 
Past experience –0.235** 0.102 –0.330** 0.160 
Log of the estimated S. E.  –0.609*** 0.048 –0.253*** 0.073 
     
Mean WTP 355.4 14.6 124.7 8.1 
Log-likelihood (full model) –448.64 –332.11 
Sample size 222 222 
** significant at 5% level; *** significant at 1% level. 
Standard errors were calculated by using the delta method. 
Source: Own work. 
 
5.3.1.2 Calculating attribute-specific WTP estimates from CV data 
 
5.3.1.2.1 Comparison of BWS and DCE models  
 
The profile case BWS data were analyzed using the effect-coded maxdiff MNL model. 
Among the attributes of dental care delivery, dental care provider had the largest impact, 
relative to waiting time in the office (a reference level), which had the least impact (Table 
5.4). The care provider was the attribute with the lowest range of level scale values, while 
the explanation of treatment had the largest range of level scale values.  
 
Table 5.4: Comparison of BWS and DCE estimates 28 
 
BWS model DCE model Pooled model 
Estimate S.E. Estimate S.E. Estimate S.E. 
Attribute       
ASCFaculty care – – 1.260*** 0.056 1.248*** 0.055 
Care provider 2.195*** 0.069 – – 0.613*** 0.042 
Explanation of treatment 0.526*** 0.054 – – 0.146*** 0.017 
Dental staff behavior 0.657*** 0.054 – – 0.183*** 0.018 
Waiting time in the office 0 – – – 0 – 
Attribute level       
Care provided by a faculty member 0.780*** 0.045 0.189*** 0.052 0.217*** 0.019 
Care provided by a student –0.780 – –0.189 – –0.217 – 
Detailed explanation of treatment 2.117*** 0.058 0.722*** 0.055 0.596*** 0.038 
No explanation of treatment –2.117 – –0.722 – –0.596 – 
Warm and friendly staff 1.626*** 0.055 0.407*** 0.053 0.452*** 0.029 
Formal and inattentive staff –1.626 – –0.407 – –0.452 – 
5-min waiting time 1.651*** 0.072 0.250*** 0.076 0.452*** 0.031 
20-min waiting time 0.075 0.065 0.124* 0.074 0.025 0.018 
45-min waiting time –1.727 – –0.375 – –0.477 – 
Scale parameter (DCE choices = 0) – – – – 1.274*** 0.067 
Log-likelihood –3282.05 –1134.81 –4424.12 
Number of observations 27,072 4,512 31,584 
Sample size 188 188 188 
LR test of equal utility parameters - df = 4 (critical chi2): 14.52 (9.49) 
* significant at 10% level; *** significant at 1% level. 




Each profile case BWS task was followed by a binary choice DCE task of accepting or 
rejecting an entire profile on offer. The two models were pooled to examine if they produce 
comparable parameter estimates, while allowing the scale parameters to differ. The 
likelihood ratio test (Swait & Louviere, 1993) rejected the hypothesis of equal utility 
parameters between the two models (with a chi-square value of 14.52 and a corresponding 
p-value of 0.006). The preferences elicited by the two models were also compared by 
substituting the coding matrix of the DCE model with the individual level estimates from 
the BWS task (Flynn et al., 2013). More specifically, the attributes were coded in a way that 
the least appealing attribute level was given a value of zero, and the other attribute levels 
were given a value of utility distance from the least appealing level of that attribute 
(estimated in a profile case BWS model) instead of a value of one as in standard dummy 
coding. Similar parameter estimates across attributes of a recoded DCE model (estimated in 
MNL specification) indicates a high level of agreement between the BWS and DCE methods 
(Table 5.5). However, the detailed explanation of treatment (5-min waiting time) yielded 
somewhat higher (lower) estimate compared to other attribute levels, indicating that 
respondents applied higher (smaller) weight to detailed treatment explanation (5-min waiting 
time) when being asked to make explicit trade-offs in the DCE compared to BWS. 
Nevertheless, the two models produced comparable estimates with overlapping 95% 
confidence intervals for all but these two attribute levels.  
 
Table 5.5: Results of recoded DCE model 29 
Attribute level Estimate S.E. 
ASCFaculty care –0.431*** 0.117 
Care provided by a faculty member 0.242*** 0.067 
Care provided by a student 0 – 
Detailed explanation of treatment 0.341*** 0.026 
No explanation of treatment 0 – 
Warm and friendly staff 0.250*** 0.032 
Formal and inattentive staff 0 – 
5-min waiting time 0.185*** 0.037 
20-min waiting time 0.277*** 0.069 
45-min waiting time 0 – 
Log-likelihood –1134.81 
Number of observations 4,512 
Sample size 188 
*** significant at 1% level. 
Source: Own work. 
 
5.3.1.2.2 Using BWC data to derive welfare estimates 
 
To estimate marginal WTP values for individual attributes of dental care and various dental 
care scenarios from CV data, the utility estimates from the BWS model were rescaled (Table 
5.6) to form an index anchored by zero and one for the utility of the worst and the best 
scenario. The utilities of dental care scenarios defined by other combinations of attribute 
levels are calculated by summing the rescaled utility values of corresponding attribute levels, 










Care provided by a faculty member 0.297 0.126 
Care provided by a student 0.172 – 
Detailed explanation of treatment 0.270 0.341 
No explanation of treatment –0.070 – 
Warm and friendly staff 0.242 0.262 
Formal and inattentive staff –0.020 – 
5-min waiting time 0.191 0.272 
20-min waiting time 0.064 0.145 
45-min waiting time –0.081 – 
a Marginal value for the improvement in an attribute from the least appealing level. 
Source: Own work. 
 
The values of the BWS index for various dental care scenarios were linearly transformed to 
WTP space by using Eq. (5). The estimated WTP values for selected dental care scenarios 
are reported in the second column in Table 5.7. These estimates assume that respondents 
would actually attend a described dental care appointment, which ignores the potential 
substitution effects. On the other hand, unconditional demand analysis can be performed in 
DCEs. By using an additional binary choice question on the acceptability of the whole 
scenario presented in the BWS task, the probabilities of choosing (attending) various dental 
care scenarios were calculated (third column in Table 5.7). Adjusting previously derived 
WTP estimates by the probability of attending each scenario yields the expected welfare 
estimates (fourth column in Table 5.7), consistent with the traditional welfare estimates from 
DCE models. The marginal welfare values (fifth column) were calculated by comparing the 
welfare estimates for various dental care scenarios with the welfare estimate for the worst 
scenario. 
 
5.3.2 Comparison with welfare estimates from DCE survey 
 
Alternative-specific constants (ASCs) were included in the DCE model, and dummy-coded 
with ASCFACM (ASCSTUD) taking a value of 1 if dental care is provided by a faculty member 
(by a student), and 0 otherwise. Other categorical variables were effect-coded. The EAA 
model was used to analyze DCE data, and indicated that a considerable share of respondents 
(49%) did not take the cost into consideration when making choices (Table 5.8). This was 
explicitly accounted for when deriving the utility and WTP estimates, which are applicable 
to a subset of population who did not ignore the cost attribute. For the majority of attributes, 
the estimated marginal WTP estimates from the EAA model were remarkably similar to 
previously derived estimates from the BWC-CV survey: HRK 97 (€12.9) and HRK 101 
(€13.5) for the explanation of treatment, HRK 54 (€7.2) and HRK 61 (€8.1) for the staff 
behavior, and HRK 49 (€6.5) and HRK 54 (€7.2) for the waiting time in the office. The 
estimates for the type of dental care provider (which represent ASCs in the DCE model) 
were somewhat less similar. The two methods produced almost identical welfare estimate 
for moving from the worst to the best scenario of dental care: in the EAA model the average   
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Table 5.7: Estimated welfare values for selected dental care scenarios 31 













Worst scenario (dental care provided by a student, no explanation 
of treatment, formal and inattentive staff, 45-min waiting time in 
the office) 
127.9 0.39 50.4 – 
Single improvements from 'Worst scenario':     
Dental care provided by a faculty member 156.6 0.49 76.2 25.8 
Detailed explanation of treatment 205.9 0.73 151.0 100.6 
Warm and friendly staff 187.8 0.59 111.6 61.3 
5-min waiting time 190.1 0.55 104.3 53.9 
20-min waiting time 161.1 0.52 83.3 32.9 
Multiple improvements from 'Worst scenario':     
Dental care provided by a faculty member + Detailed explanation 
of treatment 
234.6 0.80 187.8 137.5 
Dental care provided by a faculty member + Warm and friendly 
staff 
216.5 0.68 147.5 97.1 
Dental care provided by a faculty member + 5-min waiting time 218.9 0.64 139.9 89.5 
Dental care provided by a faculty member + 20-min waiting time 189.8 0.61 115.7 65.3 
Detailed explanation of treatment + Warm and friendly staff 265.8 0.86 228.9 178.6 
Detailed explanation of treatment + Warm and friendly staff + 5-
min waiting time 
328.1 0.92 302.0 251.7 
Dental care provided by a faculty member + Detailed explanation 
of treatment + Warm and friendly staff + 5-min waiting time 
356.8 0.94 336.9 286.6 
Source: Own work. 
 
welfare was estimated at HRK 288 (€38.4) (using a standard compensating variation 
formula; Lancsar & Savage, 2004), and at HRK 287 (€38.3) when using the proposed 
procedure of disaggregating the holistic WTP values estimated in the CV task.  
 
Table 5.8: Results of EAA model 32 
Attribute level Estimate S.E. WTPa 
ASCFACM 0.298*** 0.083 26.6 
ASCSTUD –0.708*** 0.113 –63.0 
Detailed explanation of treatment 0.544*** 0.040 97.0  
Warm and friendly staff 0.304*** 0.038 54.2  
5-min waiting time  0.239*** 0.085 49.3  
45-min waiting time  –0.316*** 0.081  
Out-of-pocket cost –0.011*** 0.001  
γcost 0.030 0.145  
Probability of non-attendance to 
the cost attribute 
0.492*** 0.036  
Log-likelihood –1741.10 
Number of observations 6,360 
Sample size 265 
a WTP for a change from the worst (reference level) of an attribute to the best level. 
*** significant at 1% level. 




Discrete choice studies have shown that respondents often ignore one or more attributes 
when making choices (Carlsson et al., 2010; Hensher et al., 2005a), thereby failing to provide 
information about the trade-offs necessary to estimate the marginal rates of substitution. 
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While non-attendance to other than the cost attribute may reflect the true preferences of 
respondents (e.g. an attribute is truly not relevant for some respondents and therefore they 
are not willing to pay for it) (Hole et al., 2016), ignoring the cost attribute warrants more 
concern, as its coefficient (negative of) is used as a proxy for the marginal utility of income. 
For respondents with zero marginal utility of income, the individual WTP is not identified, 
and the overall distribution of WTP does not have finite moments (Scarpa et al., 2012). 
Hence, accounting for non-attendance to the cost attribute can lead to more realistic WTP 
estimates. The studies have shown that a substantial share of respondents may ignore the 
cost attribute when making choices (e.g. 31% in Campbell et al. (2006) and 70% in Hole 
(2011), whereas the cost was the most frequently ignored attribute). The EAA model used 
in our study suggested that almost every second respondent had ignored the cost attribute 
when making choices, which raised concerns over the estimated welfare measures from a 
standard MNL model. 
 
The CV method provides a direct measurement of respondents' WTP, thereby avoiding the 
issues raised by ignoring the cost attribute in DCE models. However, a typical CV study 
offers no information about the value of different attributes that comprise a good. Estimating 
WTP values for individual attributes of a good from CV task is not straightforward, as a 
number of conceptual issues should be taken into account. A profile case BWS model may 
be considered conceptually consistent with WTP measures, since both provide information 
about how much people value a good (Hanley et al., 2003). If respondents assign higher 
utility to an intervention, they should be willing to pay more for that intervention than the 
other, if they behave in a consistent manner (Ryan & San Miguel, 2000). This approach is 
rooted in economists' conceptualization of utility, where the utility is revealed in the price a 
person is willing to pay (Vernazza et al., 2015). Assuming that the utility difference 
associated with the specific change in the delivery of dental care is directly associated with 
the change in respondents' WTP, the values of the BWS index, which sums the utilities of 
different attribute levels that describe a dental care delivery to provide the total utilities for 
entire dental care interventions, were linearly transformed to WTP space. Coast et al. (2008) 
argued that such a BWS index is indeed consistent with the economic evaluation paradigm, 
and that calculated values of different interventions may provide a useful outcome for 
economic evaluation.  
 
However, BWS data differ conceptually from those involved in traditional DCEs, which are 
considered a valid stated preference method to derive welfare measures. Profile case BWS 
estimates do not reflect the trade-offs patients are willing to make (unless producing 
estimates comparable to DCE data), but only indicate relative disutility of the attribute 
levels; therefore, they may not be considered as true preferences in economists’ sense (Coast 
et al., 2008; Flynn et al., 2013; Krucien, Watson & Ryan, in press). As the estimates from 
traditional DCEs represent explicit trade-offs between multi-attribute goods, they are more 
easily defendable as preferences within a conventional welfarist framework (Flynn et al., 
2013). Nevertheless, if profile case BWS estimates are equal to DCE estimates (up to scale), 
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BWS task can be used instead of DCE without revealing estimates that are not true 
preferences in economists' sense (Flynn et al., 2013). Otherwise, concerns could be raised 
over applicability of BWS data in economic valuation. The Swait-Louviere test showed that 
BWS and DCE models lead to somewhat different preferences and cannot be pooled. 
However, this test has the tendency to over-reject the null (Swait & Louvierre, 1993). To get 
a deeper insight into differences in estimates between the two methods, the data were 
synthesized by replacing a standard coding of a DCE model with a coding based on BWS 
estimates, in a similar manner to Flynn et al. (2013). The resulting parameter estimates from 
the recoded DCE model are the average scaling factors that respondents use in transforming 
their profile case BWS utilities into ones relevant in multi-profile decision-making (Flynn et 
al., 2013). The findings of this model indicated that the two sets of estimates are not 
fundamentally different. This suggests that the BWS model yielded the estimates that are 
generally consistent with the preferences in the traditional economists’ sense. Flynn et al. 
(2013) also found very limited support for differential weights when moving from BWS into 
a traditional DCE framework and suggested that a profile case BWS could be used instead 
of DCE, at least within the context of their study. Potoglou et al. (2011) also detected similar 
patterns in preferences elicited by BWS and DCE models, and the majority of preference 
weights were not significantly different (after accounting for differences in scale). On the 
other hand, Krucien et al. (in press) and Whitty, Ratcliffe, Chen & Scuffham (2014) found a 
low level of agreement between the findings of BWS and DCE methods. 
 
Even if BWS and DCE methods yield similar utility estimates, using the former in deriving 
the welfare measures could still be problematic. The welfare analysis consistent with 
traditional demand theory requires unconditional demand information, not the conditional 
demand information (conditional on accepting the scenario) provided by a profile case BWS 
(Flynn et al., 2007; Soto et al., 2016). Welfare measures (e.g. compensating variation) take 
into account the expected value of each alternative, which is calculated as the change in 
utility associated with each alternative weighted by the probability of choosing each 
alternative (Lancsar & Savage, 2004). The BWS model provides no information on the 
attractiveness of the choice scenario relative to other options respondents may have in real 
life (Flynn et al., 2007). This limitation of BWS estimates has been addressed by using an 
additional binary DCE task, since the predicted probability analysis requires choices 
between rather than within alternatives (Lancsar et al., 2007; Lancsar et al., 2013). Louviere 
& Islam (2008) suggested that weighted averaging approach to combine context free direct 
measures (such as BWS) with context-dependent indirect measures (such as DCE) may be 
conceptually plausible. The average probability of attending each dental care scenario 
estimated from DCE data was used as a weighting factor to adjust the monetary values based 
on BWS and CV data. Such expected welfare measure takes into account information on the 
trade-offs and substitution effects that may not be provided by BWS data. Derived welfare 
estimates were compared with the welfare estimates from a traditional DCE survey that 
accounted for non-attendance to the cost attribute. The two methods produced remarkably 
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similar welfare estimates for all attributes but ASCs from the DCE model (i.e. type of dental 
care provider).  
 
Our work has some limitations. We did not address typical issues often encountered in CV 
studies, but instead focused on the greatest limitation of CV compared to DCEs: its inability 
(at least when used in a standard format) to produce estimates for single attributes of a good. 
Other issues related to CV studies are discussed elsewhere (Hanley et al., 2003; 
Venkatachalam, 2004; Vernazza et al., 2015). Furthermore, the MNL model was used to 
analyze BWS and DCE data. This model is based on the very strong assumption that all 
respondents share the same preferences. A number of studies showed that this assumption 
may not hold in practice (Clark, Determann, Petrou, Moro & de Bekker-Grob, 2014). 
Heterogeneity in respondents’ preferences can be accommodated by using a random 
parameters logit (RPL) model (Erdem & Campbell, 2017), which is left for future work. 
Finally, testing convergent validity is less rigorous than comparing against actual behavior. 
Generally, there is limited evidence concerning external validity of WTP estimates in health 
care, due to the difficulty of designing external validity tests in this context (Ryan & Watson, 
2009). Since individuals do not pay at the point of consumption, we were not able to assess 
the external validity of our welfare estimates. This is an important consideration that should 




A typical CV study values a good as a whole and offers no information about the value of 
different attributes that comprise a good, which can be an important limitation. To deliver 
attribute-specific welfare estimates from a CV study, this paper synthesized the data from 
additional BWS and DCE tasks. The estimated welfare measures were similar to those 
estimated in a traditional DCE model that accounted for non-attendance to the cost attribute. 
The proposed modelling approach is potentially a useful alternative to DCEs when the choice 





Appendix 5.1: Example of a choice set used in DCE survey 
 








Age (years)   0.353 
Up to 30 49.6% 45.4%  
30 to 49 26.1% 31.9%  
50 and over 24.3% 22.7%  
Gender (% of females) 61.3% 63.3% 0.656 
Education (% with university degree) 50.7% 44.1% 0.134 
Monthly household income (in HRK)   0.582 
3,500 or lower 11.2% 13.3%  
3,501 to 7,000 29.8% 33.3%  
7,001 to 10,500  33.2% 27.4%  
10,501 to 14,000 16.8% 15.4%  
More than 14,000 9.0% 10.7%  
a p-value for differences in the distribution of respondent characteristics across the two surveys. 











6 Paper 5: PROVIDING INFORMATION TO RESPONDENTS IN 
COMPLEX CHOICE STUDIES: A SURVEY ON RECREATIONAL 




This paper examined the recreational trail preferences of visitors in the Medvednica Nature 
Park, a protected forest area on the outskirts of the City of Zagreb, the capital of Croatia. A 
discrete choice experiment (DCE) was conducted to get the insight into relative importance 
of different resource, social and managerial conditions in the park. Accounting for multiple 
site conditions requires a relatively large number of choice attributes, which may impose too 
high a cognitive burden on respondents. On the other hand, ignoring relevant attributes may 
lead to the omitted variable bias. A split sample approach was used to find the balance 
between the possibility of omitted variable bias and cognitive burden; one version of the 
questionnaire used DCE with a lower number of attributes, of which some were 
multidimensional, while the other version used DCE with a greater number of more specific 
attributes. By using partial profile design in the latter experiment, the number of attributes 
in the choice task was identical in both experiments. Perceived difficulty of the choice task, 
self-reported choice certainty and choice consistency were similar across the two 
experiments. Heterogeneity in preferences and scale was detected in both experiments. 
Indications of non-compensatory behavior, and greater error variance among less 
experienced trail users were found in the partial profile experiment with more specific trail 
attributes, but not in the experiment with multidimensional attributes. Based on the research 
results, important managerial implications were derived. Non-visual sensory experiences of 
nature, namely fresh air and soundscape, were generally more important to trail users than 
visual experiences. Crowding was detected as an important characteristic of trail experience; 
however, trail users were willing to tolerate relatively high levels of crowding. 
 






Increased crowding, noise, air and visual pollution are some of the adverse social and 
environmental impacts often detected in urban environments (Kil, Stein & Holland, 2014; 
Parumog, Mizokami & Kakimoto, 2006). Green areas such as urban forests often serve as 
spaces to counter the stress of urban life and provide relief from high population densities 
(Bakhtiari, Jacobsen & Jensen, 2014; Karjalainen, Sarjala & Raitio, 2010). Such areas are 
popular places for outdoor recreation activities; however, recreational benefits which they 
provide might be threatened by excessive levels of visitor activity (Arnberger & Mann, 2008; 
Mieno, Shoji, Aikoh, Arnberger & Eder, 2016). Outdoor recreation activities contribute to 
biophysical and aesthetic changes in environment, often reflected in degradation of land 
cover, soil erosion, disturbance of wildlife and littering (Kil et al., 2014; Manning, 2011). 
High use levels and undesirable user behavior can also lead to crowding and user conflicts 
(Arnberger & Mann, 2008; Manning, 2010). Understanding visitors' preferences for resource 
conditions (e.g. trail condition, surrounding landscape), social conditions (e.g. type and level 
of use, visitor behavior) and managerial conditions (e.g. vegetation and litter management) 
of natural environment is valuable in designing effective landscape management strategies 
(Reichhart & Arnberger, 2010). 
 
Discrete choice experiments (DCEs) have become increasingly popular in outdoor recreation 
studies to investigate the preferences of visitors and trade-offs in recreational conditions they 
are willing to make (e.g. Arnberger & Eder, 2011; Bullock & Lawson, 2008; Hanley, Wright 
& Koop, 2002; Kainzinger, Arnberger & Burns, 2016; Lawson & Manning, 2002; Manning, 
2011; Newman, Manning, Dennis & McKonly, 2005; Reichhart & Arnberger, 2010). Their 
popularity owes to the possibility of simultaneously evaluating different site conditions and 
underlying trade-offs, which was not possible with normative and univariate approaches 
used in the earlier studies. However, simultaneous evaluation of different conditions (called 
attributes in DCE methodology) imposes a greater cognitive burden on respondents, and 
there is a limit on the number of attributes respondents can process at the same time (Zhang 
et al., 2015). When asked to process too much information when making choices among 
competing alternatives in a DCE task, respondents often alter their decision rules (e.g. ignore 
some of the information presented to them) to simplify the choice task (Colombo & Glenk, 
2014; DeShazo & Fermo, 2002; Erdem & Thompson, 2014). This violates the DCE 
assumption of compensatory behavior or unlimited substitutability between the attributes, 
and may contribute to an increased error variance and affect the validity of utility estimates 
(Dellaert et al., 2012). Therefore, information gain from providing a more complete 
description to respondents may be outweighed by a higher cognitive burden from the larger 
number of choice attributes that describe a setting, which usually forces researchers to omit 
the attributes that they think are not essential for most of the population (DeShazo & Fermo, 
2002; Louviere, Pihlens & Carson, 2010b). This could however lead to the omitted variable 
bias as respondents may be influenced by attributes that are not included in a DCE, causing 
bias in the utility estimates, particularly if omitted and included attributes are correlated 
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(Witt et al., 2009). Giving respondents more complete information rather than offering only 
a subset of relevant attributes or their aggregated definition could improve the consistency 
and confidence respondents have in choices due to a more meaningful interpretation of 
alternatives (Hensher, 2006b). 
 
The survey design should find the optimal balance between the interests in various attributes 
(i.e. omitted variable problem) on the one hand and the complexity of the choice task on the 
other (DeShazo & Fermo, 2002; Witt et al., 2009). This paper discusses survey design 
features that may help in finding this balance – type of information presented to respondents 
(multidimensional vs. unidimensional attributes), and type of experimental design used to 
deliver information to respondents (full profile vs. partial profile design). A split sample 
approach was used with two different choice experiments that evaluated recreational trail 
preferences of forest visitors in the Medvednica Nature Park on the outskirts of the City of 
Zagreb, the capital of Croatia, but differed in the provision of information about the 
recreational setting. One experiment used full profile design and included multidimensional 
attributes to keep the number of choice attributes manageable for respondents, while 
considering all relevant aspects of visitors’ experience. The other experiment included a 
greater number of more specific, unidimensional, attributes to describe the recreational 
setting. A partial profile design was used in this experiment to prevent a large increase in 
choice task complexity. In a partial profile design only a subset of attributes appear in each 
choice set (Kessels et al., 2012), thus the number of attributes per choice task was kept 
constant across experiments. A core set of attributes used in other outdoor recreation studies 
was expanded by including the influence of non-visual sensory experiences, namely air and 
noise pollution, which were considered concerning aspects of visitor activity by the park 
management. Previous studies have been mostly focused on the visual experiences of 
visitors; however, sensory experiences, such as noise, could have a strong influence on the 
perception of natural landscapes and visitors’ experience (Buchel & Frantzeskaki, 2015; 
Hallo & Manning, 2009). We compared self-reported choice certainty and perceived choice 
difficulty across the two experiments and investigated how different presentation of 
information about a recreational setting affected the decision behavior of respondents, utility 
estimates and response error variance. Understanding how respondents attended to the 
information presented in the choice tasks and identifying limitations and advantages of 
alternative attribute presentation methods allows improving the design of the future choice 
studies (Colombo & Glenk, 2014). As environmental valuation generally involves trade-offs 
between complex goods and services that cannot be easily described with a restricted number 
of attributes, how to optimally describe a choice context to respondents is an important 
consideration.  
 
The following hypotheses were examined: a) non-visual sensory experiences of nature, 
namely fresh air and soundscape, could be more important to urban forest visitors than visual 
experiences, b) different information provision strategies influence propensity to non-
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compensatory choice behavior, and c) different information provision strategies affect the 




Within DCEs, respondents are presented with multiple choice sets consisting of at least two 
alternatives, and asked to select their preferred alternative in each set. Alternatives differ in 
the values of attributes, such as resource, social and managerial trail conditions (see e.g. 
Arnberger & Eder, 2011; Bullock & Lawson, 2008; Hanley et al., 2002; Lawson & Manning, 
2002; Newman et al., 2005; Reichhart & Arnberger, 2010). Experimental designs are used 
to generate the choice sets (Hoyos, 2010). Typical experimental design is based on full 
profiles where the levels of all attributes vary in each choice set. Partial profile designs 
systematically vary only a subset of attributes, i.e. the levels of the selected number of 
attributes remain constant in each set (Kessels et al., 2012). The primary reason for using 
partial profile designs is reducing the complexity of the choice tasks by limiting the number 
of trade-offs, but they can also be useful in preventing non-compensatory behavior, 
especially dominant or lexicographic preferences (Kessels et al., 2012). Such preferences 
arise when respondents have a tendency to focus on a single attribute or on a sub-set of 
attributes, while ignoring all other differences between the alternatives. Holding the levels 
of a subset of attributes constant in each choice set encourages respondents to trade off 
between all attributes even if their decision strategy is not fully compensatory.  
 
Econometric analysis of DCE data is based on random utility theory. As utility is a latent 
and unobservable construct, only indicators of utility are observed in the form of choices 
made by respondents, i.e. Uij=Vij+εij where j denotes the choice made by individual i among 
J possible choices, Vij is the systematic component and εij the random component of utility. 
The systematic component is usually a function of choice attributes (Xij) and characteristics 
of respondents (Zi). Choosing one alternative over others implies that its utility is higher 
(Lancsar & Louviere, 2008). Respondents' choices are used to estimate the preference 
weights for each attribute. The standard model for analyzing choice data is the multinomial 
logit (MNL) model. The probability that individual i chooses alternative j from the set of J 













                    (1) 
 
Parameter μ represents a scale parameter that is inversely proportional to the variance of the 
error term σε (Pedersen et al., 2011). As μ cannot be identified in a single data set, it is usually 
normalized to unity (Hoyos, 2010). This model assumes that error variance is constant across 
respondents, which could be relaxed by using a (parameterized) heteroscedastic MNL model 
and allowing the scale parameter to be a function of covariates, such as respondent 




Further extension of the MNL model is the latent class model (LCM), which relaxes the 
assumption that all respondents share equal utility function (Flynn et al., 2010). This model 
reveals unobserved preference heterogeneity by identifying groups of respondents with 
distinct preferences. The latent class membership can be conditioned on socio-demographic 
characteristics and attitudes of individuals (Boxall & Adamowicz, 2002; Mandeville et al., 
2014). The probability that individual i chooses the jth alternative is specified as the product 
of class membership probability and probability of choosing alternative j conditional on class 
membership (Boxall & Adamowicz, 2002): 
 















                  (2) 
 
where l is the number of identified latent classes. Parameters βl represent marginal utilities 
of each attribute conditional on class membership, i.e. the class-specific parameter estimates. 
However, heterogeneity in the model is specified entirely in terms of means, thereby 
ignoring possible variance heterogeneity (Flynn et al., 2010). A scale-adjusted latent class 
model (SALCM) accounts for both preference and variance heterogeneity by allowing each 
preference class to be composed of different scale classes, i.e. of subsets of respondents who 
may differ in their scale, but who have the same structure of preferences (Erdem & 
Thompson, 2014). The number of classes is not specified a priori, but based on statistical 
and theoretical criteria (Colombo & Glenk, 2014). In this study, the selection of the optimal 
number of classes was guided by the Akaike’s Information Criterion with a penalty factor 
of 3 (AIC3) (Andrews & Currim, 2003), and by examining the statistical significance and 
meaningfulness of parameter estimates. SALCM model was estimated in Latent Gold 
Choice 5.1, and (heteroscedastic) MNL models in Stata 10 by using the clogit and clogithet 
procedures. 
 
6.3 MEDVEDNICA NATURE PARK STUDY 
 
Medvednica Nature Park is a protected area located on the Medvednica mountain on the 
outskirts of the City of Zagreb, the capital of Croatia (Figure 6.1). Since Croatia has become 
a member of the European Union, it has become a part of the Natura 2000 network. The 
park, with an area of 17,938 ha, is rich in biodiversity, and is the habitat of many different 
protected and endangered species of flora and fauna. The main feature of the park are forests 
of great biological value. It has improved air quality compared to the City of Zagreb, which 
is a densely populated area with more than 700,000 inhabitants. It offers residents a chance 
to escape the urban environment and enjoy the nature through various outdoor recreation 
activities, such as hiking, walking and cycling. Its highest peak is Sljeme, which lies 1,035 
meters above the sea level, and visitors can walk or drive to the summit. Medvednica Nature 
Park has a dense network of walking/hiking and cycling trails, thus it provides various 
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opportunities for outdoor recreation. A typical trail is several kilometers long, and the vehicle 
road is about ten kilometers. Access to trails or road is not limited. This recreational area is 
intensively used, with estimated over 1,000,000 visitors annually and an increasing 
recreational use pressure (Public Institution NP Medvednica, 2014).  
 
Figure 6.1: Medvednica mountain and the City of Zagreb 33 
 
Source: Google Maps. 
 
6.3.1 Questionnaire design 
 
A split-sample design was used with two different versions of the questionnaire (not 
accounting for the blocking of the DCE design described below) that differed in the design 
of choice experiment (see section 6.3.2. Choice experiments). Respondents were randomly 
assigned to one version. After completing the choice tasks, they were asked to evaluate 
perceived choice task complexity and certainty in choices. Choice task complexity was 
measured on a five-point Likert scale anchored by 1=’Very easy to answer choice questions’ 
to 5=’Very difficult to answer choice questions’, and choice certainty on a ten-point Likert 
scale ranging from 1=’Very uncertain’ to 10=’Very certain’ (Bech et al., 2011). The 
questionnaires also addressed the motivation, perception of site conditions and background 
information of respondents (age, gender and education), company during recreation activity, 
frequency of visiting Medvednica, their perception of crowding, affective response to 
crowding and the degree of place attachment. Visitors’ perception of crowding was 
measured on a standard nine-point crowding scale, where a response of 1 or 2 indicates a not 
at all crowded situation, 3 or 4 a slightly crowded situation, 5 to 7 a moderately crowded 
situation, and a response of 8 or 9 indicates a very crowded situation (Heberlein & Vaske, 
1977). Crowding surveys rely heavily on this single-item crowding measure (Arnberger & 
Mann, 2008). Affective response to the crowding level was measured by asking respondents 
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how they perceived the usual levels of crowding in Medvednica Nature Park – as something 
positive or negative (as in Neuts & Nijkamp, 2012). 
 
6.3.2 Choice experiments 
 
Almost half of the respondents received the experiment A that included a total of five 
attributes to describe visitor trail experience (Table 6.1). To consider all relevant aspects of 
visitor experience, while keeping the number of choice attributes manageable for the 
respondents, some of the attributes included were multidimensional (crowding on trail and 
intensity of road traffic). This approach recognizes that some recreational setting attributes 
might be components of more general attribute(s), such as crowding. Crowding is one of the 
most frequently studied aspects of outdoor recreation, and recognized as one of the main 
factors that affect visitors’ experience in green areas (Arnberger & Mann, 2008; Vaske & 
Shelby, 2008). The perception of crowding varies with various social, psychological and 
situational factors of a recreational setting. In particular, visitors’ characteristics, activities 
and behaviors, rather than just their number, were detected as important determinants of 
crowding perception (Arnberger & Mann, 2008; Manning, 2007). In order to obtain 
maximum information from the choices made, the multidimensional attributes were replaced 
in the experiment B by a greater number of unidimensional, disaggregated, attributes that 
described the recreational experience (related to crowding on trail and intensity of road 
traffic) in more detail. Partial profiles were used to prevent large increase in cognitive 
burden; the levels of three attributes were held constant in each choice set, hence the 
respondents were again presented with five attributes in each set. The resource, social and 
managerial attributes used to describe trail experience in each experiment are described in 
Table 6.1. Their selection was based on a review of relevant outdoor recreation literature 
(e.g. Karjalainen et al., 2010; Manning, 2010; Pilcher, Newman & Manning, 2009; Reichhart 
& Arnberger, 2010; van Riper, Manning, Monz & Goonan, 2011), existing studies on use 
pressures in the Medvednica Nature Park (Public Institution NP Medvednica, 2014), and 
consultations with park staff. They were representative of management concerns. 
 
The SAS 9.0 software was used to generate the experimental designs (Kuhfeld, 2010). A full 
profile main-effects fractional factorial design which optimizes D-efficiency was used to 
define the choice sets in experiment A. D-efficient designs try to find an optimally efficient 
solution between perfect balance and orthogonality by minimizing the variances and 
covariances of parameter estimates. A total of 12 different choice sets were obtained. Two 
alternative trail experiences were described in each choice set. The design was divided into 
three blocks of four choice sets, thus each respondent answered four choice tasks. Generation 
of partial profile design for experiment B followed the procedure described in Kuhfeld 
(2010; pp. 595-639). First, a candidate set of potential partial profile choice sets was 
generated, where exactly five out of eight attributes varied in each set. Generation of 
potential choice sets with the restrictions on the number of varying attributes in each set was 
performed in SAS macro %MktEx. Next, the %ChoicEff macro was used to search the 
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candidates for an efficient partial profile design with a total of 16 choice sets, and the most 
efficient design (i.e. design in which the variances of the parameter estimates were 
minimized) was chosen. Again, two alternatives were presented in each set. The design was 
divided into four blocks of four choice sets, such that each respondent answered four choice 
tasks.  
 
Table 6.1: Choice attributes and their levels 34 
Experiment A  Experiment B  
Attribute Levels Attribute Levels 
 Forest landscape Intact – No fallen trees and signs 
of forest logging 
 Forest landscape Same as in the experiment 
A 
Degraded – Fallen trees and signs 
of forest logging often visible 
  
 Trail condition Good (Exposed roots and soil 
erosion on minor part of the trail) 
 Trail condition Same as in the experiment 
A 
Poor (Exposed roots and soil 
erosion on most of the trail) 
  
 Crowding on trail Not at all crowded 
Slightly crowded 
 Trail use level (presence of 
other hikers on trail) 








  Litter (plastic bags, food 
leftovers, etc.) along the trail 
A lot of litter 
No litter 
 Intensity of road traffic Low 
Moderate 
High 
 Air pollution from road 








 Educational signage Various 
None 
 Educational signage Same as in the experiment 
A 
Source: Own work. 
 
In the frontcountry areas, visitors are not able to accurately evaluate the number of 
encounters with other groups (Manning, 2011). Due to the difficulty of finding realistic 
verbal description of the use level attribute in frontcountry settings, visual descriptions were 
often used (Arnberger & Eder, 2011; Mieno et al., 2016; van Riper et al., 2011). Digitally 
edited photographs can describe recreation settings more realistically than detailed and 
technical verbal descriptions, but with certain limitations (Manning, 2007). Namely, they 
cannot display all the relevant characteristics of visitor experience. Nonvisual variables, such 
as sound and smell, can affect the perception of crowding. Furthermore, photographs can 
provide only a static description of trail conditions, whereas the recreational experience is a 
dynamic process. 
 
Using either the visual or the verbal description may be insufficient to cover the complexity 
of recreational experience. Combining both approaches offers more flexibility in providing 
information to respondents. In experiment A, all attributes were described by using verbal 
descriptions and pictograms (Figure 6.2) (as in Kainzinger et al., 2016). The trail use level 
attribute in experiment B was depicted by using digitally edited images, which illustrated a 
range of persons-per-viewscape (PPV) on a typical 100-meter section of the trail. Other 




Figure 6.2: Example of a DCE task in experiment A 35 
 
Source: Own work. 
 
Figure 6.3: Example of a DCE task in experiment B 36 
 
Source: Own work. 
 
6.3.3 Data collection 
 
The questionnaire was preliminarily tested. A pilot survey was conducted during June 2016. 
Only minor changes to the questionnaires were made. Visitors were surveyed at five 
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mountain huts located near the end of the most popular trails by using a cross-sectional 
convenience sample of trail users. As the primary aim of the study was not to describe the 
population of Medvednica’s visitors, but to test different methodological approaches and 
relationships between variables, this was considered suitable. The study was focused on 
hikers and walkers; other types of visitors, such as car drivers and mountain bikers were not 
included in the sample. The trail users approached by interviewer were given information 
about the purpose of the survey and the required tasks. The main method of data collection 
was self-administration, but face-to-face interview was used in some cases (e.g. older 
respondents). The researchers waited while the respondents completed the questionnaire, 
assisting if asked for clarification or help. Visitors were surveyed during weekends only, as 
the overwhelming majority of visits is realized on weekends. Data was collected in the period 
from June to September 2016. Only a minority of visitors (approximately 5%) refused to 
take part in the survey. A total of 514 questionnaires were collected, of which 249 included 
choice experiment A (valid choice responses from 239 respondents) and 265 included choice 




6.4.1 Descriptive statistics 
 
The socio-demographic characteristics of respondents, their perceptions of several 
experiential conditions, perception of crowding and place attachment are summarized in 
Table 6.2. The average age of respondents was 38. Most of them were female and finished 
higher education. They were dominantly accompanied by their friends and/or family 
members, and quite familiar with the recreational experience in the Medvednica Nature Park. 
Reported feelings of place attachment were relatively strong. Enhancing physical health, 
enjoying the natural beauty and landscape, and escape from everyday stress and crowds were 
reported as the most important motives for visiting the park. Respondents identified littering 
and intensity of road traffic as the most problematic issues in the park, while the presence of 
mountain bikers on trail, the occupancy of mountain huts, and the noise and number of other 
people on trail were perceived as less disturbing. Majority of visitors (57%) felt moderately 
crowded (reported ratings of 5, 6 or 7 on a 9-point crowding scale) during their usual visit. 
For most of the visitors, experienced crowding levels were evaluated as something positive 
(ratings of 4 or 5; 56%), 35% remained neutral, while only 9% evaluated crowding as 
something negative (ratings of 1 or 2). 
 
6.4.2 Choice experiments 
 
All choice attributes were effect-coded, except for the trail use level, which was treated as a 
quantitative attribute with a linear effect. The underlying relationship between the trail use 
level and visitors’ utility was tested by treating this attribute as a qualitative variable, which 
revealed that the assumption of linearity was appropriate. This was also confirmed by com-  
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Table 6.2: Profile and perceptions of respondents 37 
Variable % Mean Std. Dev. Min Max 
Age   37.5 11.5 16 79 
Gender (% of females) 59.1     
Education (% of higher education level) 73.7     
Company during visit      
  Alone 4.3     
  Partner only 18.5     
  Friends and/or family members 77.2     
Engaging in hiking activity within the park over the last 12 months  
  More than 12 times 28.5     
  1 - 12 times 61.4     
  Not once 10.2     
Motivations for visiting Medvednica (1=Not at all an important motive to 5=Extremely important motive) 
  Enjoying the natural beauty and landscape 86.7a 4.4 0.8 1 5 
  Learning about the nature 41.5a 3.2 1.0 1 5 
  Enhancing physical health 97.1a 4.7 0.5 2 5 
  Escape from everyday stress 87.8a 4.4 0.8 1 5 
  Escape from crowds 81.2a 4.3 0.9 1 5 
  Visiting hospitality establishments 24.5a 2.7 1.2 1 5 
Degree of concern with… (1=Not at all a problem to 5=Very serious problem)  
  Noise disturbance on trail 11.8a 2.1 1.2 1 5 
  Number of other people on trail 11.2a 2.1 1.1 1 5 
  Amount of litter on trail 44.4a 3.2 1.4 1 5 
  Number of mountain bikers on trail 14.3a 2.2 1.1 1 5 
  Intensity of road traffic 21.0a 2.5 1.2 1 5 
  Occupancy of mountain huts 11.6a 2.3 1.0 1 5 
Perception of crowding (1=Not at all crowded to 
9=Very crowded) 59.7b 4.8 1.6 1 9 
Affective response to crowding (1=Very negative 
to 5=Very positive) 55.7a 3.7 1.0 1 5 
Recreation activity on the Medvednica mountain 
gives me more pleasure than recreation activity 
elsewhere (1=Not at all agree to 5=Agree 
completely) 60.9a 3.8 1.0 1 5 
a based on scores of 4 or 5. 
b based on scores of 5, 6, 7, 8 or 9. 
Source: Own work. 
 
paring the fit of the two models by the likelihood ratio (LR) test (p=0.472). A partial log-
likelihood estimator was used to calculate the relative importance of each attribute (Lancsar 
et al., 2007). Apart from the null (full) model, separate models were estimated, where each 
attribute was excluded one at a time. The model fit measures were used to rank the attributes; 
attributes with a greater influence on the overall fit of the model were given a higher rank. 
Among the attributes considered in the experiment A, crowding on trail, trail condition and 
intensity of road traffic had relatively large influence on model fit and, thereby, visitors’ 
preferences, while forest landscape and educational signage were somewhat less important 
attributes (Table 6.3).  
 
In the experiment B, all resource, social and managerial conditions, except encountering 
mountain bikers on trail, significantly influenced visitors’ trail preferences (Table 6.3). 
Excessive vehicle use that would lead to air quality concerns would affect visitors' utility 
more than an adverse change in any other attribute. The second most important attribute was 
littering along the trail, followed by traffic-related noise pollution and trail use level. The 
other three trail attributes, namely forest landscape, trail condition and educational signage, 
were included in both experiments. Forest landscape and educational signage were attributes 
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of lower importance to trail users, and their relative order of impact remained unchanged in 
both experiments. However, rank order of trail condition attribute was the highest (among 
these three attributes) in experiment A, but the lowest in experiment B. Therefore, 
preferences were not consistent across the two experiments. Such context-dependent 
preferences could be an outcome of a different nature and complexity of the choice 
experiment (Bech et al., 2011). 
 
Table 6.3: Results of MNL model 38 
Attribute 












Forest landscape –12.9 4   –8.4 5   
Intact 0.214*** 0.043   0.246*** 0.062   0.247*** 0.053 
Degraded –0.214    –0.246      
Trail condition  –43.9 2     –3.1 7   
Good 0.386*** 0.044   0.137** 0.056   – – 
Poor –0.386    –0.137    – – 
Crowding on trail –47.8 1   – –   
High –0.835*** 0.093   – –   –0.963*** 0.234 
Moderate 0.200** 0.085   – –   0.231** 0.106 
Slight  0.254*** 0.082   – –   0.293*** 0.110 
Not at all  0.381    – –     
Trail use 
level (PPV) 
– – – – –0.060*** 0.012 –12.1 4 –0.060*** 0.012 
Encounters with mountain bikers – –   0 8   
None – –   –0.011 0.053   –0.011 0.052 
Frequent – –   0.011      
Litter along the trail – –   –54.8 2   







No litter  – –   0.575      
Intensity of road traffic –38.7 3   – –   
High –0.582*** 0.075   – –   –0.671*** 0.155 
Moderate 0.123** 0.063   – –   0.142* 0.076 
Low 0.459    – –     
Air pollution from road traffic – –   –107.5 1   






   
  
Noise from road traffic – –   –48.3 3   
Frequent  – –   –0.513*** 0.057   –0.513*** 0.057 
Occasional – –   0.513      
Educational signage –8.1 5   –7.5 6   
Various 0.169*** 0.042   0.195*** 0.051   0.195*** 0.043 
None –0.169     –0.195       
Interactions with Trail condition         
A * Good – – – – – – – – 0.137*** 0.055 
B * Good – – – – – – – – 0.446*** 0.107 
Scale parameter (experiment B = 0)      –0.142 0.220 
Log-
likelihood 
–512.5 –490.6 –1003.1 
N 239 259 498 
LR test of equal scale parameters – df = 1 (critical 𝜒0.95
2 ): 0.40 (3.84) 
* significant at 10% level; ** significant at 5% level; *** significant at 1% level. 






6.4.3 Choice complexity and certainty 
 
Overall average rating of perceived choice task difficulty was 3.0, and did not differ across 
the two experiments. Only 29% of respondents perceived the task as easy (ratings of 1 or 2 
on a 5-point scale) in either version, while the task was considered difficult (ratings of 4 or 
5) for 31% of the respondents who received experiment A and for 36% of the respondents 
who received experiment B. The two distributions were not significantly different (Wilcoxon 
Rank Sum test; p=0.586). Certainty in answers to choice tasks was also similar between the 
two experiments (Wilcoxon Rank Sum test; p=0.993). The overall average rating of choice 
certainty (on a ten-point scale) was 7.0 (SD=2.12). Moderate negative correlation was found 
between perceived choice task difficulty and certainty in choices (Spearman’s rho=−0.47; 
p<0.001), meaning that higher perceived task difficulty generally led to less certainty in 
given choices. 
 
To examine the effect of choice complexity on parameter estimates and error variance (i.e. 
choice consistency), separate MNL models were estimated on subsets of respondents who 
rated the choice task as easy or neutral (ratings of 1, 2 or 3; ‘easy task’ group) and difficult 
(ratings of 4 or 5; ‘hard task’ group). If the choice models that differ in the level of 
complexity cannot be pooled, this signals a change in the decision behavior of respondents 
(Dellaert et al., 2012). A heteroscedastic MNL model was used to pool the 'easy task' and 
'hard task' groups while allowing the scale parameters to differ (Louviere et al., 2008). While 
the scale parameter cannot be identified in a single data source, the relative scale can be 
identified from multiple data sources. The likelihood ratio test was used to test for the 
equality of preference parameters across the two groups. This test compares log-likelihoods 
of the separate models for each group with the log-likelihood of the common model that 
includes all observations and accounts for scale differences across different groups. If the 
hypothesis of preference homogeneity cannot be rejected, we can pool the data and test if 
the scale parameters are equal across the groups (Swait & Louviere, 1993).  
 
Table 6.4: Effects of task complexity on choice behavior in experiment A 39 
Attribute 












Intact forest 0.260*** 0.051 –13.5 4 0.099 0.081 –0.7 5 0.221*** 0.046 
Good trail 0.383*** 0.053 –29.9 2 0.421*** 0.084 –14.8 2 0.395*** 0.048 
Crowding high  –0.826*** 0.114 
–31.3 1 
 –0.905*** 0.167 
–17.6 1 
 –0.855*** 0.103 
Crowding moderate  0.190* 0.104 0.212 0.150 0.204** 0.087 
Crowding slight  0.264*** 0.100 0.228 0.147 0.262*** 0.086 
Traffic high  –0.550*** 0.089 
–25.5 3 
 –0.664*** 0.142 
–13.5 3 
–0.591*** 0.078 
Traffic moderate 0.065 0.075 0.271** 0.118 0.122* 0.064 
Signage 0.157*** 0.052 –4.7 5 0.193** 0.076 –3.4 4 0.172*** 0.044 
Scale parameter 
(Easy task = 0) 
        –0.076 0.156 
Log-likelihood –351.8 –158.1 –512.3 
N 166 73 239 
LR test of equal utility parameters – df = 9 (critical 𝜒0.95
2 ): 4.95 (16.92) 
LR test of equal scale parameters – df = 1 (critical 𝜒0.95
2 ): 0.24 (3.84) 
* significant at 10% level; ** significant at 5% level; *** significant at 1% level. 
Source: Own work. 
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The hypotheses of equal utility and scale parameters between the ’easy task’ and ‘hard task’ 
groups could not be rejected in the experiment A, as demonstrated by the insignificant chi-
square value of LR tests (Table 6.4). On the other hand, given a LR test chi-square statistic 
of 17.89 and nine degrees of freedom, the hypothesis of equal preferences (after allowing 
for scale differences) was rejected in the experiment B (Table 6.5). Observing parameter 
changes in response to changes in complexity indicates shift to the simplified decision 
making (Swait & Adamowicz, 2001). The rank orders and relative impacts of the trail 
condition and forest landscape attributes were very different between the two complexity 
conditions. Respondents who reported that it was (very) difficult to answer choices tended 
to ignore the levels of these attributes. After allowing for group-specific parameters for these 
two attributes and encounters with mountain bikers attribute, the hypothesis of equal 
preferences across the 'easy task' and 'hard task' group could not be rejected and, conversely, 
'hard task' group had a significantly higher scale parameter of exp(0.37)=1.45 compared to 
1.00 for the 'easy task' group (p=0.024). Apparent change in the decision behavior and scale 
heterogeneity could be prompted by lexicographic preferences of respondents and shift to 
simplified decision rules. Gryd-Hansen & Skjoldborg (2008) proposed a procedure for 
testing lexicographic preferences. First, a full choice model is estimated, followed by the 
estimation of a reduced model with a single attribute. A pseudo t-test is then used to compare 
the coefficient of a particular attribute between full and reduced models. If respondents are 
willing to trade an attribute, dropping other attributes should significantly lower the utility 
estimate of that attribute, as its effect would be more poorly explained with an increased 
variance of error term. In the 'easy task' group, the difference in the coefficients of air 
condition attribute between full and reduced models was not significant (t-value of 1.07), 
indicating emergence of non-trading behavior with respect to this attribute. This was 
supported by the heteroscedastic MNL model for this group of respondents, in which the 
inclusion of air condition attribute significantly lowered the scale (i.e. increased response 
variance).8 On the other hand, in the ‘hard task’ group there was no evidence of such choice 
behavior. The test for lexicographic preferences with respect to air pollution attribute had a 
significant t-value of 2.32 and the inclusion of this attribute did not significantly affect the 
scale in the ‘hard task’ group, indicating that subjects were willing to trade off between air 
condition and other attributes. However, it appears that they have considered only a subset 
of attributes when making choices. 
 
6.4.4 Choice consistency 
 
Different experimental designs and information provided to respondents could also affect 
the response error (or choice consistency) (Dellaert et al., 2012; Hensher, 2006b). Due to the 
differences in magnitudes and rank orders of common parameters across the two 
experiments, it was not possible to pool the data and compare the relative scale parameters, 
as they would not be valid (Swait & Louviere, 1993). However, the between-experiment   
                                                          
8 Results are available from authors on request. 
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Table 6.5: Effects of task complexity on choice behavior in experiment B 40 
Attribute 












Intact forest  0.280*** 0.076 –8.5 4 0.096 0.119 –0.4 7 0.219*** 0.060 
Good trail 0.234*** 0.071 –6.3 5 –0.039 0.103 0.0 8 0.111** 0.052 
Trail use level –0.052*** 0.016 –6.1 6 –0.068*** 0.023 –5.1 4 –0.055*** 0.011 
Mountain bikers 0.114* 0.066 –1.8 8 –0.252** 0.105 –2.7 6 –0.004 0.048 
Litter –0.567*** 0.071 –35.8 2 –0.748*** 0.131 –23.1 3 –0.526*** 0.059 
Clean air  0.686*** 0.075 –55.4 1 1.035*** 0.121 –62.0 1 0.702*** 0.066 
Road noise –0.444*** 0.068 –25.1 3 –0.693*** 0.124 –23.3 2 –0.486*** 0.056 
Signage 0.194*** 0.064 –4.9 7 0.247** 0.099 –3.5 5 0.177*** 0.046 
Scale parameter 
(Easy task = 0) 
        0.337** 0.142 
Log-likelihood –312.7 –153.8 –475.5 
N 163 92 255 
LR test of equal utility parameters – df = 9 (critical 𝜒0.95
2 ): 17.89 (16.92) 
* significant at 10% level; ** significant at 5% level; *** significant at 1% level. 
Source: Own work. 
 
ratios of utility parameters were identical for educational signage (0.87) and forest landscape 
attributes (0.87), but very different for trail condition attribute (2.82). This implies that the 
two experiments could be pooled after allowing for separate utility estimates for the trail 
condition attribute and unequal variances between the data sets. The likelihood ratio test 
between the pooled model with unrestricted scale and the identical model with the scale 
restricted to one was not significant; therefore, we could not reject the hypothesis of equal 
scale parameters (Table 6.3). 
 
Sociodemographic characteristics and design properties were tested as determinants of scale 
in each experiment by estimating a parameterized heteroscedastic MNL model. Attribute 
level differences that may have affected the scale were introduced by using dummy variables 
which took a value of one if certain attribute (in experiment B) or attribute level (for three- 
and four-level attributes in experiment A) was included in the choice set, and zero otherwise. 
Allowing for scale heterogeneity generated a significant improvement in model fit. 
 
Age of respondents and including the ‘very crowded situation on trail’ in the choice sets 
tended to reduce the choice consistency in experiment A, as demonstrated by the negative 
impact on scale (Table 6.6). Other variables were not significant determinants of scale. In 
the experiment B, a larger number of variables had systematic influence on scale. Age and 
low experience of respondents, and asking them to trade off between different levels of air 
pollution attribute negatively affected the scale (i.e. increased inconsistency in choices). On 
the other hand, higher certainty in choices and including encounters with mountain bikers 
attribute in the choice set tended to reduce the error variance. Reporting that choices were 
(very) difficult also affected the scale; however, this variable was not significant after 





Table 6.6: Results of parameterized heteroscedastic MNL model 41 
Attribute 
Experiment A Experiment B 
Parameter S.E. Parameter S.E. 
Intact forest 0.464*** 0.158 0.302** 0.126 
Good trail 1.041*** 0.322 0.058 0.068 
Crowding high –2.491*** 0.810 – – 
Crowding moderate  0.181 0.207 – – 
Crowding slight  1.074** 0.416 – – 
Trail use level – – –0.078*** 0.030 
Mountain bikers – – 0.092 0.066 
Litter – – –0.654*** 0.216 
Traffic high –1.246*** 0.373 – – 
Traffic moderate 0.286* 0.161 – – 
Clean air – – 1.087*** 0.406 
Road noise – – –0.595*** 0.194 
Signage 0.520*** 0.192 0.212** 0.094 
     
Heteroscedastic function     
Age –0.013* 0.007 –0.013** 0.006 
‘Very crowded trail’ level included –0.659*** 0.184 – – 
Certainty ns – 0.078** 0.031 
‘Air pollution’ attribute included – – –0.699*** 0.211 
‘Mountain bikers’ attribute included – – 0.446*** 0.150 
Mild usera  ns – 0.067 0.157 
Light usera  ns – –0.570** 0.261 
Log-likelihood –502.2 –435.7 
N 237 251 
a Heavy user (reference) = ‘Visited Medvednica more than 12 times over the last 12 months’,  
Mild user = ‘1-12 times’, Light user = ‘Not once’. 
ns = ‘not significant’. 
* significant at 10% level; ** significant at 5% level; *** significant at 1% level. 
Source: Own work. 
 
6.4.5 Preference and scale heterogeneity 
 
The heteroscedastic MNL model does not accommodate preference heterogeneity; therefore, 
estimated scale effects (i.e. variance heterogeneity) could be confounded with heterogeneity 
in preferences (Louviere et al., 2008). To account for both preference and variance 
heterogeneity, a SALCM model was estimated. The choice of the optimal number of mean 
and scale classes and of the predictors of class membership followed the procedure described 
in Flynn et al. (2010). Solution with two preference classes and two scale classes was found 
to be optimal in both experiments. 
 
In the experiment A, younger visitors and those having a lower perception of usual crowding 
levels in the park had a higher probability of belonging to preference Class 1 (65% of the 
sample; Table 6.7). The members of this class had strong preferences for more attractive 
levels of all attributes. On the other hand, for 35% of respondents, the forest landscape, trail 
condition and educational signage were not important attributes of trail experience, and 
relatively more importance was given to the crowding on trail and intensity of road traffic. 
Two scale classes were detected, with only a minority of respondents (14%) belonging to 
scale Class 2 that had a significantly lower scale. None of the background variables were 




Experiment B revealed that the majority of respondents (84%) prefer intact forest landscape, 
lower trail use levels, no litter along the trail, negligible air pollution and not hearing noise 
from road traffic, but are not sensitive to trail condition (Table 6.7). On the other hand, good 
trail condition was very important to the members of the other class (16% of the sample), 
who were less concerned with other resource conditions such as littering, air pollution and 
forest landscape, but preferred (to a greater extent) various educational signage along the 
trail and encouraged mountain biker activity. Every sixth respondent belonged to the scale 
Class 2, which had a significantly lower scale than the other scale class. Being older and 
having low experience with the recreation on Medvednica mountain increased the 
probability of belonging to the second scale class (i.e. of having a larger error variance). 
 
Table 6.7: Results of SALCM model 42 
Attribute 
Experiment A Experiment B 
Class 1 S.E. Class 2 S.E. 
p-
valuea 
Class 1 S.E. Class 2 S.E. 
p-
valuea 
Intact forest 1.103*** 0.194 0.057 0.186 < 0.001 –1.974 1.572 0.873*** 0.183 0.074 
Good trail 2.749*** 0.400 –0.168 0.220 < 0.001 2.750** 1.374 –0.115 0.106 0.040 
Crowding high –2.356*** 0.381 –2.654*** 0.561 0.550 – – – –  
Crowding 
moderate 
0.378** 0.179 0.874** 0.418  – – – –  
Crowding slight 1.710*** 0.426 1.202*** 0.317  – – – –  
Trail use level – – – –  –0.548* 0.311 –0.092*** 0.026 0.140 
Mountain bikers – – – –  2.444*** 0.616 –0.122 0.114 < 0.001 
Litter – – – –  0.452 0.616 –1.766*** 0.208 0.001 
Traffic high –3.037*** 0.482 –1.455*** 0.328 0.007 – – – –  
Traffic moderate 1.404*** 0.261 0.254 0.228  – – – –  
Clean air – – – –  –0.018 0.718 2.244*** 0.276 0.003 
Road noise – – – –  –2.799*** 1.026 –1.563*** 0.214 0.240 
Signage 2.285*** 0.368 –0.002 0.186 < 0.001 2.328*** 0.814 0.325*** 0.108 0.015 
           
Model for 
Classes 
          
Intercept 2.314 0.625 –2.314 0.625 < 0.001 –0.834 0.131 0.834 0.131 < 0.001 
Age  –0.031 0.012 0.031 0.012 0.010 – – – – ns 
Perception of 
crowding 
–0.158 0.090 0.158 0.090 0.078 – – – – ns 
Class size 65%  35%   16%  84%   
           
 sClass 1 S.E. sClass 2 S.E. p-value sClass 1 S.E. sClass 2 S.E. p-value 
Scale Parameter 0 – –2.577 0.517 < 0.001 0 – –2.352 0.402 < 0.001 
           
Model for 
sClasses 
          
Intercept 0 – –1.739 0.516 < 0.001 0 – –2.928 1.029 0.004 
Age – – – – ns 0 – 0.046 0.023 0.049 
Mild userb – – – – ns 0 – –1.178 0.428 0.011 
Light userb – – – –  0 – 1.501 0.545  
sClass size 85%  15%   83%  17%   
Log-likelihood –437.1 –423.4 
N 225 251 
Pseudo R2 0.453 (MNL model: 0.204) 0.576 (MNL model: 0.339) 
AIC3 947.6 (MNL model: 977.6) 912.7 (MNL model: 944.1) 
a p-values for differences in parameter estimates between two classes. 
b Heavy user (reference) = ‘Visited Medvednica more than 12 times over the last 12 months’, Mild user = ‘1-12 times’, 
Light user = ‘Not once’. 
ns = ‘not significant’. 
* significant at 10% level; ** significant at 5% level; *** significant at 1% level. 






A considerable share of respondents had difficulty choosing between alternative recreational 
settings, regardless of the information provision strategy. This raises concerns over 
compensatory behavior in similar studies, as they often included a larger number of 
attributes, which may be too much for respondents to process at the same time. In the 
experiment A, we introduced multidimensional attributes into the choice task to keep the 
number of attributes relatively low and therefore prevent large increase in cognitive burden, 
while at the same time describing all relevant aspects of recreational experience to reduce 
the possibility of omitted variable bias. In the other experiment (B), we traded some 
statistical efficiency (which is directly related to the number of attribute level differences; 
Louviere et al., 2008) for a lower cognitive burden by using a partial-profile design in which 
only a number of attributes vary in each choice task. In this way, a larger set of more specific 
attributes of a recreational setting was included in the DCE without affecting the complexity 
of the choice task, measured by the number of choice attributes and alternatives.  
 
The hypotheses of equal preference and scale parameters across the two experiments could 
not be rejected after controlling for context-specific effects of the trail condition attribute. 
Simplified choice tasks with inadequate information lead to increased error variance 
(Hensher, 2006a), and similar response variance between the two experiments suggests that 
the presentation of information in the experiment A was adequate, despite the lower number 
of attributes used to describe a recreational setting. Therefore, the omitted variable bias was 
not evident in this experiment, and it appears that with the lower number of multidimensional 
attributes we were able to adequately describe a recreational setting. However, different rank 
order and relative impact of the trail condition attribute across the two experiments suggested 
that preferences were to some extent inconsistent. If preferences, rather than the variance, 
are influenced by the design properties, this is more troubling for the validity of DCE (Bech 
et al., 2011). Respondents were randomly assigned to each experiment; therefore, selection 
bias is unlikely to explain the difference in relative importance of this attribute (Witt et al., 
2009). No significant differences in the age of respondents (Wilcoxon Rank Sum test; 
p=0.878), gender (chi-square test; p=0.921), education (chi-square test; p=0.234), company 
during visit (chi-square test; p=0.917), frequency of visiting Medvednica (chi-square test; 
p=0.431), and place attachment (Wilcoxon Rank Sum test; p=0.807) were found between 
the two experiments. With the lack of attributes that explicitly described the resource 
conditions in experiment A, respondents might have associated the trail condition attribute 
with more general resource impacts from trail use (e.g. littering), and therefore might have 
given a greater importance to this attribute. One of the possible explanations also lies in the 
decision behavior of respondents. Different information provision strategies in the two 
experiments had an effect on trading behavior of respondents, whereas the higher propensity 
to simplified decision rules was observed in the experiment B. In contrast to experiment A, 
pooling of ‘easy task’ and ‘hard task’ groups was rejected for experiment B, which signals 
a change in the decision strategy (Dellaert et al., 2012). The changes in preference structure 
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in response to changes in complexity were also reported by other authors, with a shift to the 
simplified decision behavior as difficulty increases (Swait & Adamowicz, 2001). Revealed 
lexicographic preferences and ignorance of attributes could be best explained by introduction 
of unidimensional attributes which increased the differences in relative importance between 
the most important and least important attributes. DCE literature suggests that decision 
makers respond to attribute importance weights, shifting toward more lexicographic 
strategies when one attribute is of relatively high importance (Lancsar & Louviere, 2006; 
Luce, Payne & Bettman, 2000). Ignorance of attributes could be a coping strategy in order 
to deal with the complexity of the choice task or the reflection of true preferences if some 
attributes are simply not important to respondents (Hensher et al., 2005a). The ‘hard task’ 
group in experiment B tended to ignore the forest landscape and trail condition attributes. 
As ignorance of attributes was associated with an increase in the perceived complexity of 
the choice task, it seems that respondents applied heuristics in order to reduce the cognitive 
burden by simplifying the choice task. Conversely, after allowing for group-specific 
parameters for attributes that respondents in the ‘hard task’ group tended to ignore, a 
significantly higher scale parameter (i.e. lower variance) was observed in this group. This is 
contrary to the findings of other studies (e.g. Bech et al., 2011; Ruokamo, Czajkowski, 
Hanley, Juutinen & Svento, 2016), and could be explained by true lexicographic preferences 
that were detected in the ‘easy task’ group, but not in the ‘hard task’ group. Respondents had 
strong preferences for the air pollution attribute, and when this attribute was included in the 
choice task the ‘easy task’ group was less willing to trade off other attributes, which 
increased the response error variance. Without using the partial profile design, our 
experiment would probably yield very limited information about the other, less important 
attributes. 
 
As an anonymous referee pointed out, comparing experiments that differ in multiple aspects, 
such as different ways of attribute presentation and different dimensionality of attributes, 
confounds different effects and makes it impossible to separate the effect of a single design 
characteristic. Between-experiment differences were not constrained to a single 
characteristic as each experiment was designed to be as realistic as possible and to provide 
additional information to park managers. In light of this limitation, our findings raise 
important methodological questions for future research, such as which design is more 
efficient – partial profile or full profile design, how important is the method of information 
provision (verbal description, pictures, pictograms) and the level of attribute 
dimensionality/aggregation for design efficiency. The idea of partial profile design was 
motivated by a reduction in choice set complexity resulting from a large number of attributes 
(Chrzan, 2010). Its favorable effect on the cognitive burden suggests that the choice tasks in 
experiment B could be hardly manageable if the full profile design had been used instead. 
With current designs, both experiments yielded similar levels of perceived choice difficulty 




After controlling for unobserved preference heterogeneity in the experiment B, the age of 
respondents and lower level of experience tended to reduce choice consistency, which 
supports the findings from other studies (Bech et al., 2011; Czajkowski, Hanley & LaRiviere, 
2015; LaRiviere et al. 2014; Rulleau & Dachary-Bernard, 2012; Tu & Abildtrup, 2016). 
Czajkowski et al. (2015) investigated the effects of experience on choice consistency by 
specifying the scale parameter as a function of respondents' experience, and concluded that 
the scale increases and scale variance decreases with experience. LaRiviere et al. (2014) 
showed that additional experience or knowledge about the good to be valued contributes to 
respondents’ choice consistency and increases willingness-to-pay estimates. This was also 
confirmed in the context of forest recreation. Visitors who spend more time in the forest or 
visit the forest more often tend to make more consistent choices, which was explained by 
the ability of respondents to learn about their preferences (Rulleau & Dachary-Bernard, 
2012; Tu & Abildtrup, 2016). On the other hand, the level of respondents' experience did 
not affect choice consistency in the experiment A. Therefore, our findings favor a design of 
experiment A with more general attributes of a recreational setting when the majority of 
visitors are not familiar with the setting. This finding is rather intuitive, as it is reasonable to 
expect that less experienced users might not have formed strong preferences for more 
specific aspects of a recreational setting. 
 
Finally, some of the relevant dimensions of complex attributes might be inherently 
correlated, which may raise further concerns when using disaggregated attributes. The levels 
of those attributes cannot be varied independently, and they should not be simultaneously 
included in the choice model (Mandeville et al., 2014). Our intention was to use two 
additional attributes in the experiment B (noise disturbance from other trail users and 
occupancy of the mountain huts); however, these attributes were excluded due to inherent 
correlation with the trail use level. If there are many attributes with a potential conceptual 
overlap, presenting multiple attributes together (i.e. combining them into one 
multidimensional attribute) is a possible solution to the problem (Blamey et al., 2002). On 
the other hand, best-worst scaling (BWS) experiments could be very useful in such 
situations. These types of experiments have been neglected in environmental research, but 
offer some important advantages over traditional DCE models (Zhang et al., 2015). Future 
research should investigate their usefulness in similar environmental valuation studies. 
 
6.6 MANAGERIAL IMPLICATIONS AND CONCLUSIONS 
 
Understanding the relative importance of different trail conditions to visitors can help the 
park management to appropriately prioritize activities and maximize the visitor experience. 
In this study, as in many other European outdoor recreation areas, visitors reported relatively 
high levels of crowding (Arnberger & Mann, 2008). Other studies showed that visitors to 
high use areas can tolerate more users than visitors to low use areas, and high visitor numbers 
can be acceptable as solitude is usually not an expected part of recreation experience 
(Arnberger & Mann, 2008; Kainzinger et al., 2016; Kalisch, 2012). The majority of visitors 
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felt moderately crowded during their usual visit to Medvednica; however, only a smaller 
proportion of visitors were disturbed by the experienced levels of crowding. The importance 
of the crowding on trail attribute was mainly driven by a large sensitivity to its most extreme 
level; trail users were on average willing to tolerate all but the very crowded situation. This 
means that despite relatively high levels of recreational activity, the current situation does 
not raise management concerns. These findings cannot be easily translated into specific 
conditions on trail, as respondents may be focused on different aspects of multidimensional 
attributes when making choices. For example, crowding could be related to visitors’ 
numbers, behavior and activities; road traffic to air and noise pollution, and increased 
visitation rate (Hallo & Manning, 2009). 
 
The core set of attributes used in other outdoor recreation studies, which have been mostly 
focused on visual preferences, was expanded in the experiment B by including the 
accompanying sensory signals, such as unpolluted air and soundscape that are an integral 
part of natural environment (Arnberger & Eder, 2011). Non-visual sensory experiences of 
nature were found to be more important to trail users than trail use level, suggesting that 
activities of park management should be focused on managing the behavior and activities of 
users rather than their sheer number. As litter and road traffic intensity are not systematically 
managed within the park, but strongly contribute to visitors’ utility, they are important 
managerial issues. Importance of litter and car traffic to the recreational experience was 
confirmed in other studies as well (Arnberger & Eder, 2011; Kalisch, 2012; Moore & Polley, 
2007). Forest landscape and educational signage were attributes of lower importance to trail 
users, and require less management attention. Presence of mountain bikers on trail was the 
only attribute without any significant influence on visitors’ utility. This finding is in contrast 
with other studies that often reported a conflict between hikers and mountain bikers (e.g. 
Bakhtiari et al., 2014), and requires further research. 
 
Reported difficulty in evaluating resource, social and managerial conditions raises concerns 
over the trade-off behavior of respondents in previous outdoor recreation studies based on 
DCEs. Cognitive difficulty was often an ignored aspect, but one that could have important 
impact on study outcomes. Both designs presented in this paper provide an elegant way of 
dealing with the increasing choice complexity and omitted variable problem. Which one to 





7 Paper 6: DESIGNING A CHOICE STUDY WITH CORRELATED 
ATTRIBUTES: A STRUCTURAL CHOICE MODELLING 




Discrete choice experiments (DCEs) have become a popular method for environmental 
valuation due to their ability to simultaneously evaluate preferences for various attributes. 
However, environmental conditions are often inter-related and as such should not be 
simultaneously included in a DCE. This paper shows a new approach to dealing with 
correlated or causally-related choice attributes, which was used to evaluate visitors’ 
preferences for trail conditions in an urban nature park. A linked structural choice model was 
designed to estimate how perceptions of specific crowding-related conditions in the park, 
which were evaluated in the best-worst scaling experiment rather than DCE due to 
correlation issues, influenced the preferences for crowding attribute included in a separate 
DCE. The findings indicate that visitors’ preferences for crowding were mostly influenced 
by perceptions of ‘trail use level’ and ‘noise from road traffic’. These conditions should be 
given a priority when managing recreational use pressure in the park. 
 
Keywords: choice experiment; protected area management; attribute correlation/causality; 







Discrete choice experiments (DCEs) have become an increasingly popular stated preference 
method for valuing various environmental goods, health services, transportation options, and 
similar (de Bekker-Grob et al., 2012; Hensher, Rose, Leong, Tirachini & Li, 2013; Hoyos, 
2010). Within DCEs, respondents are presented with multiple choice sets consisting of at 
least two alternatives, and asked to select their preferred alternative in each set. Each 
alternative is described by the specific levels of attributes which are selected to realistically 
and relevantly describe the choice context. The combinations of attribute levels that form 
each alternative in a choice set are defined by an experimental design (Hoyos, 2010). 
Respondents' choices indicate the trade-offs between the levels of the attributes they are 
willing to make and how much each attribute contributes to the choices. 
 
One of the crucial stages in choice studies is the selection of choice attributes. Selected 
attributes should be demand-relevant, policy-relevant and measurable (Blamey et al., 2002). 
An attribute is relevant if ignoring it would change the conclusions about respondents’ 
preferences. The inclusion of all relevant attributes may be complicated if some of them are 
correlated or causally related, i.e. cannot be varied independently of each other. Correlation 
between DCE attributes is problematic because respondents often try to establish the 
meaning of alternatives and implausible or unrealistic combinations of attribute levels 
produced by an experimental design may stimulate them not to consider certain alternatives 
(Blamey et al., 2002). Limited engagement with the choice task can produce less valid 
choices (Mandeville et al., 2014). Blamey et al. (2002) demonstrated that the inclusion of 
causally-related variables may stimulate inappropriate choice heuristics and affect the 
weights assigned to the attributes. The authors identified three main approaches for dealing 
with the issue of attribute causality in choice studies: using explanation statements to better 
fit respondents’ ideas of correlation and causality (e.g. that some strange combinations of 
outcomes are in fact quite possible), combining two or more attributes in a single composite 
attribute, and removing the most implausible combinations from the experimental design 
(i.e. omitting some of the correlated or causally related attributes). Omitting an attribute due 
to correlations or causal relations with other attributes may lead to omitted variable bias and 
embedding effects (Blamey et al., 2002). The variable retained could reflect not just its 
importance, but the importance of simultaneous changes in multiple attributes. For example, 
Hauber et al. (2013) included ambulatory pain, but not difficulty performing daily activities 
in the choice model because the patients perceived the two attributes as being highly 
correlated. The authors acknowledged that the reported importance weights for ambulatory 
pain incorporated the combined effect of both attributes. 
 
On the other hand, handling implausibility problems by combining two or more attributes 
into a single composite attribute in the experimental design neglects the utility attributable 
to each sub-attribute (Blamey et al., 2002). Choice attributes should be uni-dimensional to 
obtain maximum information from the choices made and improve the interpretability of 
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results (Mandeville et al., 2014). Attributes that simultaneously include several aspects may 
introduce variability into the choice process as respondents may be focused on different 
aspects of those attributes when making choices. In the review of DCEs that studied the labor 
market preferences of health workers, Mandeville et al. (2014) identified conceptual overlap 
among attributes in a third of the studies, while only half of the studies had uni-dimensional 
attributes, which was explained by the difficulty in reducing the complex context of labor 
market into a small number of attributes. Choice studies may accommodate a limited number 
of attributes. Most studies have included only a small number of attributes to reduce the task 
complexity and prevent respondents from using simplifying decision rules, which may 
compromise the validity of choice experiment (Louviere et al., 2008). To enable estimation 
of preferences for a larger number of attributes than respondents can easily handle within a 
single choice task, some studies pooled the data from two or more separate experiments, 
which also allowed different components of the same underlying concept (i.e. dependent 
dimensions) to be allocated to separate experimental designs, thereby avoiding unrealistic 
combinations of attributes (Witt et al., 2009; Zhang et al., 2015).  
 
This paper builds on the idea of using multiple choice experiments in complex valuation 
contexts when attributes could not be simultaneously included in a single DCE due to their 
number, conceptual overlap and causal relations. Complex choice contexts are common in 
environmental valuations, and a study on recreational trail preferences in an urban nature 
park was used to describe the usefulness of proposed framework. Recreational experience 
could be described by a number of factors, such as resource conditions (e.g. trail condition, 
surrounding landscape), social conditions (e.g. type and level of use, visitor behavior) and 
managerial conditions (e.g. vegetation and litter management) (Reichhart & Arnberger, 
2010). The full set of recreational trail conditions could not be simultaneously included in a 
single DCE due to the increased cognitive burden from a large number of choice attributes 
and correlations between some of the attributes. To consider all the relevant aspects of a 
recreational experience and therefore give a realistic representation of a choice context, 
while at the same time keeping the number of choice attributes manageable for respondents 
and avoiding inter-attribute correlations, some of the attributes included in the DCE were 
multidimensional. This approach recognizes that some recreational setting attributes might 
be components of more general attribute(s), such as crowding. The concept of crowding is 
one of the most frequently studied aspects of outdoor recreation, and recognized as one of 
the main factors that affect visitors’ experience in green areas (Arnberger & Mann, 2008; 
Vaske & Shelby, 2008). This multidimensional concept considers various social, 
psychological and situational factors of a recreational setting (Arnberger & Mann, 2008; 
Manning, 2007), and was used to represent multiple aspects of the recreational experience 
in a choice model. 
 
However, aggregating the attributes reduces the amount of information from a DCE, as 
respondents might be focused on different aspects of a multidimensional attribute when 
making choices. To improve the interpretability of results, another choice experiment was 
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designed, focused on evaluation of different dimensions of aggregated attribute(s) (crowding 
on trail and intensity of road traffic) used in the DCE model. Specific crowding-related 
conditions in the park (i.e. disaggregated attributes) that could not be simultaneously 
included in a single DCE due to the inherent correlations across some of the attributes were 
evaluated in an object case best-worst scaling (BWS) experiment. A linked structural choice 
model (SCM), introduced by Rungie et al. (2011), was used to link the two experiments by 
specifying the utility of multidimensional attribute as a function of utilities attributable to its 
sub-dimensions (i.e. specific crowding-related conditions).  
 
We investigated if there was a structural relationship between the heterogeneity in 
preferences for the levels of crowding and the heterogeneity in perceptions of specific 
crowding-related conditions in the park, and estimated the amount of variability in 
multidimensional or higher-order attribute(s) (crowding on trail and intensity of road traffic) 
explained by each of its sub-dimensions (i.e. specific crowding-related conditions). Our 
research question explores which crowding-related site conditions trail users considered the 
most when choosing their preferred trail experience described by different levels of 
crowding (among other trail attributes). In other words, how did perceptions of specific 
crowding-related conditions influence the overall preferences for crowding? Our approach 
offers richer information to policy makers than other solutions to the attribute 
correlation/causality issues in complex choice studies, namely the exclusion of some 
relevant attributes or simply their aggregation into a single composite attribute. 
 
7.2 STRUCTURAL CHOICE MODELLING (SCM) 
 
Structural choice modelling is a framework that integrates choice models and structural 
equation models (SEMs) (Rungie et al., 2011; Rungie et al., 2012). It incorporates latent 
variables and structural equations into the analysis of choice data, which provides a 
framework to test the theory and better explain cognitive choice process. This framework 
enables data from separate but related choice experiments (i.e. different choice tasks but 
applied to the same individuals) to be modelled simultaneously and linked. It is based on the 
random utility theory (RUT), which is consistent with the standard analysis of choice data. 
RUT specifies utility of an alternative i for individual n as a function of systematic 
component Vi,n and random component (or an error term) εi,n: 
  
𝑈𝑖,𝑛 = 𝑉𝑖,𝑛 + 𝑖,𝑛      (1) 
 
The systematic component Vi,n=β’xi,n is a linear function of the choice attributes xi,n. 
Choosing alternative i from the set of J alternatives implies that its utility is higher than 
utility derived from any other alternative in the choice set. The basic model for analysis of 
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choice data is the fixed logit model (also called multinomial logit model), which takes the 





      (2) 
 
where Pi,n is the probability that individual n chooses alternative i from the set of J 
alternatives. A more flexible random coefficient or mixed logit model, introduced by Train 
(2009), has some desirable properties over the fixed logit model, as it accounts for 










where f(β) is a density function of β.  
 
The structural choice model is in essence a random coefficient model, but with a more 
flexible structure of the variance-covariance matrix (Rungie et al., 2012). Following the 
conventional mixed logit notation, the systematic component of utility in SCM is specified 
as a linear combination of k covariates x with random regression coefficients η. Random 
coefficients are modelled as functions of m latent variables 𝛽 (Rungie et al., 2014; Thiene, 
Scarpa & Rungie, 2013):10 
 
𝑉 = ∑ 𝜂𝑘𝑥𝑘 = ∑(𝛽𝑘 + 𝜎𝑘,1𝛽1 + ⋯ + 𝜎𝑘,𝑚𝛽𝑚)𝑥𝑘
𝑘𝑘
      (4) 
 
where βk is the mean value of preference parameter for the covariate xk , and 𝜎𝑘,𝑚𝛽𝑚 is its 
random idiosyncratic part. The second term 𝛽𝑚 represents the random component drawn 
from some continuous distribution (usually Gaussian) for each individual, and σk,m is the 
dispersion parameter (i.e. standard deviation) to be estimated from the data. In the SCM, 
each latent variable 𝛽 can be expressed as a function of other latent variables by the means 
of structural equations (Rungie et al., 2014): 
 
𝛽𝑙 = 𝑎𝑙,1𝛽1 + ⋯ + 𝑎𝑙,𝑚𝛽𝑚 + 𝛿𝑙       (5) 
 
                                                          
9 Parameter estimates in the logit model are scaled by the so-called scale parameter which is usually normalized 
to unity for identification purposes (Hoyos, 2010), and was therefore omitted from the equation.  
10 The subscripts for individual and alternative within the choice set are omitted for notational brevity. 
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where al,1 to al,m are regression parameters and δl is a corresponding random component. With 
the SCM the variance-covariance matrix of 𝛽 can be more structured than a simple diagonal 
matrix, therefore offering more flexibility than the traditional mixed logit model. For more 
detailed discussion on the SCM, the interested reader is referred to Rungie et al. (2011). 
 
7.3 CASE STUDY 
 
7.3.1 Study area 
 
Medvednica Nature Park is a protected area located on the Medvednica mountain on the 
outskirts of the City of Zagreb, the capital of Croatia. Since Croatia has become a member 
of the European Union, it has become a part of the Natura 2000 network. The park, with an 
area of 17,938 ha, is rich in biodiversity, and is the habitat of many different protected and 
endangered species of flora and fauna. The main feature of the park are forests of great 
biological value. It has improved air quality compared to the City of Zagreb, which is a 
densely populated area with more than 700,000 inhabitants. It offers residents a chance to 
escape the urban environment and enjoy the nature through various outdoor recreation 
activities, such as hiking, walking and cycling. Its highest peak is Sljeme, which lies 1,035 
meters above the sea level, and visitors can walk or drive to the summit. Medvednica Nature 
Park has a dense network of walking/hiking and cycling trails, thus it provides various 
opportunities for outdoor recreation. A typical trail is several kilometers long, and the vehicle 
road is about ten kilometers. Access to trails or road is not limited. This recreational area is 
intensively used, with estimated over 1,000,000 visitors annually (Public Institution NP 
Medvednica, 2014). 
 
7.3.2 Questionnaire design 
 
A questionnaire was designed to assess visitors’ preferences for recreational trail experience 
in the park, which were evaluated within a DCE. After completing DCE tasks, respondents 
were asked to evaluate perceived choice task complexity and certainty in choices. To gain 
deeper insight into the DCE attributes that described different levels of crowding, a BWS 
experiment estimated relative impacts of different crowding-related site conditions on 
visitors’ perception of crowding. The questionnaire also included a standard single-item 
nine-point crowding scale, which has been heavily used in outdoor recreation studies to 
measure visitors’ perception of crowding (Arnberger & Mann, 2008). A response of 1 or 2 
indicates a not at all crowded situation, 3 or 4 a slightly crowded situation, 5 to 7 a 
moderately crowded situation, and a response of 8 or 9 a very crowded situation (Heberlein 
& Vaske, 1977). Visitors were asked to indicate how crowded they felt during their current 
and usual visits to the Medvednica Nature Park. Affective response to crowding level was 
also measured, by asking respondents how they perceived the usual levels of crowding in 
the Medvednica Nature Park – as something positive or negative (as in Neuts & Nijkamp, 
2012). Other parts of the questionnaire addressed motivation and background information of 
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respondents (age, gender and education), company during recreation activity, frequency of 
visiting Medvednica and the degree of place attachment.  
 
7.3.3 Data collection  
 
Visitors were surveyed at five mountain huts located near the end of the most popular trails 
by using a cross-sectional convenience sample of trail users. The study was focused on hikers 
and walkers; other types of visitors, such as car drivers and mountain bikers were not 
included in the sample. The trail users approached by the interviewer were given information 
about the purpose of the survey and the required tasks. The main method of data collection 
was self-administration, but face-to-face interview was used in some cases (e.g. older 
respondents). The researchers waited while the respondents completed the questionnaire, 
assisting if asked for clarification or help. Visitors were surveyed during weekends only, as 
the overwhelming majority of visits is realized on weekends. Data was collected in the period 
from June to September 2016. Only a minority of visitors (approximately 5%) refused to 
take part in the survey. A total of 249 respondents were surveyed. This paper analyzed the 
choices of 206 respondents who provided valid responses to all DCE and BWS choice tasks, 
with a total of 2,266 choice observations. All models were estimated in DiSCos software by 
using 1,000 Halton draws (Rungie, 2014). 
 
7.3.4 Choice experiments 
 
7.3.4.1 Discrete choice experiment 
 
Discrete choice experiment included a total of five attributes that described the resource, 
social and managerial conditions of the recreational setting. To consider all the relevant 
aspects of visitor experience, while avoiding a large number of attributes and correlations 
between the attributes included in a choice task, two choice attributes were multidimensional 
(i.e. crowding on trail and intensity of road traffic). This approach recognizes that some 
recreational setting attributes might be described by the more general concept of crowding, 
which has been recognized as one of the main factors that affect visitors’ experience in green 
areas (Arnberger & Mann, 2008; Vaske & Shelby, 2008). A list of attributes and their levels 
used to describe different trail use scenarios are presented in Table 7.1. Their selection was 
based on a review of relevant outdoor recreation literature (e.g. Arnberger & Mann, 2008; 
Manning, 2007), existing studies on use pressures in the Medvednica Nature Park (Public 
Institution NP Medvednica, 2014), and consultations with the park staff. They were 
representative of management concerns. 
 
A full-profile main-effects fractional factorial design which optimizes D-efficiency (i.e. tries 
to minimize the variances and covariances of parameter estimates) was used to define the 
choice alternatives, and resulted in a total of 12 different choice sets. Two alternative trail 
use scenarios were described in each choice set, and respondents were asked to indicate 
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which one they preferred. The design was divided into three blocks of four choice sets, thus 
each respondent answered four choice tasks. The SAS 9.0 software was used to generate the 
experimental design (Kuhfeld, 2010). An example of a choice set is shown in Figure 7.1. In 
a subsequent question, an opt out option was offered to respondents by asking them if none, 
only one or both presented scenarios would be acceptable to them.   
 





DCE – Preferences for trail attributes:   
ASC  ASC 
Alternative specific constant (1 if respondent prefers 
offered scenario(s) over the opt out option, 0 otherwise) 
Crowding on trail Not at all crowded a ‒ 
Level of crowding on trail 
 Slightly crowded x1 
 Moderately crowded x2 
 Very crowded x3 
Intensity of road traffic Low traffic a ‒ 
Intensity of road traffic in the Medvednica Nature Park  Moderate traffic x4 
 High traffic x5 
Educational signage Various signage x6 
Educational signage along the trail 
 No signage a ‒ 
Forest landscape Intact landscape x7 No fallen trees and signs of forest logging 
 Degraded landscape a ‒ Fallen trees and signs of forest logging often visible 
Trail condition Good trail condition x8 Exposed roots and soil erosion on minor part of the trail 
 Poor trail condition a ‒ Exposed roots and soil erosion on most of the trail 
    
BWS – Relative impacts on the perception of crowding:  
Road noise  x9 Noise from road traffic 
Hut occupancy  x10 Occupancy of mountain huts 
Air pollution  x11 Air pollution from road traffic 
Litter  x12 Amount of litter along the trail 
Trail use level  x13 Number of other hikers on the trail 
Visitor noise  x14 Noise from other trail users 
Mountain bikers a  ‒ Number of mountain bikers on the trail 
a Used as a reference level. 
Source: Own work. 
 
7.3.4.2 Best-worst scaling experiment 
 
A DCE was followed by a BWS experiment to evaluate the impact of different crowding-
related conditions in the park on visitors’ perception of crowding. The perception of 
crowding, usually defined as a negative subjective evaluation of the use level in a given area, 
has received a great deal of attention in the park and outdoor recreation literature (Vaske & 
Shelby, 2008; Manning, Valliere, Minteer, Wang & Jacobi, 2000). Early studies assumed 
that the visitor’s perception of crowding was principally influenced by the number of other 
visitors encountered, and that the increasing number of encounters diminishes visitors’ 
experience (Ditton, Fedler & Graefe, 1983). However, later studies demonstrated that the 
perception of crowding varies with the various social, psychological and situational factors, 
i.e. that this concept is more complex than a simple response to the number of encounters 
(Arnberger & Haider, 2005). In particular, visitors’ characteristics (e.g. motivations and 
attitudes), activities (e.g. mode of travel) and behaviors (e.g. littering and noise disturbance) 
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Figure 7.1: Example of a DCE task 44 
 
Source: Own work. 
 
were detected as important determinants of crowding perception in a given setting 
(Arnberger & Mann, 2008; Manning, 2007). Furthermore, it is not just the social situation 
or direct contact with other users that affects the perception of crowding, but also the 
secondary impacts of other visitors (Ditton et al., 1983). Situational variables, such as 
physical setting and resource conditions, may influence how individuals respond to visitor 
density (Arnberger & Mann, 2008; Manning et al., 2000; Neuts & Nijkamp, 2012).  
 
A BWS experiment was used to examine visitors’ perception of crowding. Rather than 
choosing between different scenarios, respondents are shown a subset of items to be 
evaluated and asked to choose the best and the worst attribute or attribute level (or most and 
least important, etc.) within each subset (Flynn et al., 2007). The object case is the simplest 
form of a BWS experiment, where items are attributes rather than attribute levels, and all 
parameters are estimated relative to a single attribute that acts as a reference (Zhang et al., 
2015). The attributes included in the object case BWS experiment are presented in Table 
7.1. Choice sets were constructed by using a balanced incomplete block design (BIBD) 
(Flynn & Marley, 2014) generated in the SAS 9.0 software (Kuhfeld, 2010). Each respondent 
completed seven choice sets, each consisting of three different attributes. Each attribute 
appeared three times across the different choice sets (once in each of the three positions in a 
set), and each pair of attributes appeared once. An example of a BWS task used in the study 
is shown in Figure 7.2. Respondents were asked to indicate which one of the three crowding-
related site conditions presented in a single BWS choice set they associated with the 





Figure 7.2: Example of a BWS task 45 
 
Source: Own work. 
 
7.3.5 Influence model 
 
Wilderness and outdoor recreation literature suggests that perceptions affect preferences 
(Boxall & Adamowicz, 2002). To test the relationship between the perceptions of site 
conditions and preferences for a recreational experience (i.e. preferences for the levels of 
crowding in the Medvednica Nature Park), an ‘influence model’ was designed in the SCM 
framework that linked the latent variables from two separate choice experiments (DCE and 
BWS). The latent variables or constructs in SCM can be random coefficients for single 
attributes or levels, as well as factors over combinations of attributes or levels (Rungie, 
2013). The factors ‘crowding on trail’ and ‘intensity of road traffic’ were operationalized by 
aggregating over different levels of these attributes. These latent factors were specified as 
functions of the single-indicator latent variables from BWS experiment that represented the 
heterogeneity in the perception of specific site conditions. The model captures the extent to 
which individuals’ perceptions of crowding-related site conditions influence the preferences 
for the levels of crowding on trail and intensity of road traffic in the Medvednica Nature 
Park. The systematic component of utility in the influence model was specified as: 
 
𝑉 = 𝛽𝐴𝑆𝐶𝐴𝑆𝐶 𝐷𝐶𝐸
+ (𝛽1 + 𝜎1,1?̃?1)𝑥1 + (𝛽2 + 𝜎2,1?̃?1)𝑥2 + (𝛽3 + 𝜎3,1?̃?1)𝑥3 ⋮ 𝐶𝑟𝑜𝑤𝑑𝑖𝑛𝑔 𝑜𝑛 𝑡𝑟𝑎𝑖𝑙
+ (𝛽4 + 𝜎4,2?̃?2)𝑥4 + (𝛽5 + 𝜎5,2?̃?2)𝑥5 ⋮ 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 𝑜𝑓 𝑟𝑜𝑎𝑑 𝑡𝑟𝑎𝑓𝑓𝑖𝑐
+ (𝛽6 + 𝜎6,3?̃?3)𝑥6 ⋮ 𝐸𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛𝑎𝑙 𝑠𝑖𝑔𝑛𝑎𝑔𝑒
+ (𝛽7 + 𝜎7,4?̃?4)𝑥7 ⋮ 𝐹𝑜𝑟𝑒𝑠𝑡 𝑙𝑎𝑛𝑑𝑠𝑐𝑎𝑝𝑒
+ (𝛽8 + 𝜎8,5?̃?5)𝑥8 𝐷𝐶𝐸 𝑇𝑟𝑎𝑖𝑙 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛
+ (𝛽9 + 𝜎9,6?̃?6)𝑥9 𝐵𝑊𝑆 𝑁𝑜𝑖𝑠𝑒 𝑓𝑟𝑜𝑚 𝑟𝑜𝑎𝑑 𝑡𝑟𝑎𝑓𝑓𝑖𝑐
+ (𝛽10 + 𝜎10,7?̃?7)𝑥10 ⋮ 𝑂𝑐𝑐𝑢𝑝𝑎𝑛𝑐𝑦 𝑜𝑓 𝑚𝑜𝑢𝑛𝑡𝑎𝑖𝑛 ℎ𝑢𝑡𝑠
+ (𝛽11 + 𝜎11,8?̃?8)𝑥11 ⋮ 𝐴𝑖𝑟 𝑝𝑜𝑙𝑙𝑢𝑡𝑖𝑜𝑛
+ (𝛽12 + 𝜎12,9?̃?9)𝑥12 ⋮ 𝐿𝑖𝑡𝑡𝑒𝑟 𝑎𝑙𝑜𝑛𝑔 𝑡ℎ𝑒 𝑡𝑟𝑎𝑖𝑙
+ (𝛽13 + 𝜎13,10?̃?10)𝑥13 ⋮ 𝑇𝑟𝑎𝑖𝑙 𝑢𝑠𝑒 𝑙𝑒𝑣𝑒𝑙






The coefficients σ3,1 and σ5,2 were fixed to one for model identification; other dispersion 
parameters were unknown and estimated from the data, together with the coefficients β. 
 
Structural part of the influence model 
The latent variables 𝛽6 to 𝛽11 that represent the perception of crowding-related conditions 
in the park, estimated within a BWS experiment, were specified as antecedents to the 
corresponding preferences for crowding estimated (together with other characteristics of trail 
experience) within a DCE experiment: 
 
?̃?1 = 𝑎1,7?̃?7 + 𝑎1,9?̃?9 + 𝑎1,10?̃?10 + 𝑎1,11?̃?11 + 𝛿1







δ3 to δ11 are random components with Gaussian distributions, zero means and standard 
deviations equal to one. The same applies to δ1 and δ2 except for their standard deviations 
which were free to be estimated from the data. Specific correlations were imposed between 
δ1 and δ5 (‘crowding on trail’ and ‘trail condition’; φ1,5), and between δ7 and δ10 (‘occupancy 
of mountain huts’ and ‘trail use level’; φ7,10);
11 other random components were independent. 
Path diagram for the influence model is presented in Figure 7.3.  
 
7.4 RESULTS  
 
All DCE attributes were effect-coded, which means that the parameter value of reference 
level (not shown in the tables) is equal to the negative sum of parameter values for remaining 
attribute levels (Kuhfeld, 2010). BWS data were analyzed by using a maximum difference 
scaling (maxdiff) model, which assumes that respondents evaluate all possible pairs of best-
worst attribute combinations and choose the pair that maximizes the utility difference (Flynn 
et al., 2007). Therefore, the unit of analysis was the best-worst pair of attributes chosen in a 
scenario, taking a value of one if the pair was chosen by a respondent and zero otherwise. 
 
Parameter estimates of fixed coefficient model for DCE and BWS data are reported in Table 
7.2. The DCE model revealed that trail users were on average sensitive to high intensity of 
road traffic in the park, and preferred educational signage along the trail, intact forest 
landscape and good trail condition. While not at all crowded, slightly crowded and modera- 
                                                          
11 This was supported by the outdoor recreation literature (e.g. Ditton, 1983; Manning, 2007), and actual site 
characteristics and habits of visitors on the Medvednica mountain. 
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Figure 7.3: Path diagram for the influence model 46 
 
Source: Own work. 
 
tely crowded situations on the trail led to the above average utility of trail users, the results 
of the DCE suggest that very crowded trails were largely disliked. That visitors are generally 
not sensitive to experiencing even a moderately crowded situation on the trail was also 
supported by other measures of crowding. The majority of visitors (57%) felt moderately 
crowded during their usual visit, and a further 3% of visitors felt very crowded. Every third 
visitor felt slightly crowded, while 8% did not feel crowding at all. Despite this relatively 
high levels of crowding perception, the majority of visitors evaluated usually experienced 
levels of crowding as something positive (56%), 35% remained neutral, while only 9% 
evaluated crowding as something negative. 
 
The BWS experiment revealed that the trail users’ perception of crowding was on average 
mostly influenced by the occupancy of mountain huts, number of other hikers on the trail 
and amount of litter along the trail. Noise from road traffic was the fourth most important 
determinant of crowding perception, followed by noise from other trail users, number of 





Table 7.2: Results of the fixed coefficient model 47 
Parameter Attribute level Mean S.E. t-value 
DCE     
βASC ASC 2.51 0.20 12.74 
β1 Slightly crowded 0.35 0.09 3.81 
β2 Moderately crowded 0.16 0.09 1.70 
β3 Very crowded ‒0.99 0.11 ‒9.14 
β4 Moderate traffic 0.13 0.07 1.89 
β5 High traffic ‒0.63 0.08 ‒7.49 
β6 Various signage 0.16 0.05 3.24 
β7 Intact landscape 0.24 0.05 5.06 
β8 Good trail condition 0.42 0.05 8.28 
BWS     
β9 Road noise 0.13 0.07 1.92 
β10 Hut occupancy 0.78 0.07 11.16 
β11 Air pollution ‒0.06 0.07 ‒0.87 
β12 Litter 0.25 0.07 3.74 
β13 Trail use level 0.46 0.07 6.85 
β14 Visitor noise 0.02 0.07 0.26 
Source: Own work. 
 
The restrictive assumptions of the fixed coefficient model were relaxed in the random 
coefficient model (Train, 2009), which revealed considerable taste heterogeneity among 
respondents. In a DCE model, the highest standard deviations were detected for the very 
crowded situation on trail and high intensity of road traffic (Table 7.3). This model 
performed considerably better than the fixed coefficient model. However, the random 
coefficient model cannot identify correlations between attributes and the multidimensional 
structure (Rungie et al., 2012), and model fit statistics demonstrated that the influence model 
provided the best fit (Table 7.4). Log-likelihood of the influence model was the highest, and 
information criteria (AIC, AIC3 and BIC), which penalize for the over-parameterization, 
were the smallest, thereby supporting the superiority of the influence model.  
 
Table 7.3: Results of the random coefficient model 48 
Parameter Attribute level Mean S.E. t-value Std. Dev. S.E. t-value 
DCE       
βASC ASC 2.41 0.20 12.01    
β1 Slightly crowded 0.49 0.13 3.72 0.02 0.18 0.10 
β2 Moderately crowded 0.24 0.13 1.92 0.12 0.21 0.55 
β3 Very crowded ‒1.47 0.21 ‒6.95 0.79 0.22 3.55 
β4 Moderate traffic 0.23 0.10 2.35 0.18 0.15 1.20 
β5 High traffic ‒0.99 0.16 ‒6.13 1.01 0.21 4.85 
β6 Various signage 0.26 0.07 3.81 0.27 0.12 2.17 
β7 Intact landscape 0.28 0.07 4.03 0.39 0.12 3.13 
β8 Good trail condition 0.59 0.09 6.44 0.26 0.14 1.89 
BWS       
β9 Road noise 0.18 0.18 1.04 2.30 0.24 9.64 
β10 Hut occupancy 1.91 0.22 8.70 2.68 0.25 10.66 
β11 Air pollution ‒0.23 0.18 ‒1.25 2.25 0.21 10.57 
β12 Litter 0.38 0.17 2.25 1.99 0.22 9.07 
β13 Trail use level 1.42 0.19 7.31 2.44 0.23 10.36 
β14 Visitor noise ‒0.12 0.13 ‒0.89 1.40 0.15 9.16 










AIC AIC3 BIC 
Fixed coefficient 15 ‒2,991 6,011 6,026 6,061 
Random coefficient 29 ‒2,624 5,306 5,335 5,403 
Influence 38 ‒2,597 5,271 5,309 5,397 
Source: Own work. 
 
Parameter estimates of the influence model are reported in Table 7.5. The results reveal that 
the perception of hut occupancy and trail use level (i.e. relative impacts of these site 
conditions on the perception of crowding) had significant influence on the preferences for 
crowding on trail. Furthermore, the perception of noise from road traffic had significant 
influence on the preferences for intensity of road traffic in the Medvednica Nature Park. 
 
R squared goodness-of-fit statistic measures the proportion of variation in the dependent 
variable (preferences for crowding on trail or intensity of road traffic) explained by the 
corresponding structural regression model, and is invariant to scale differences between the 
data sets (Rungie et al., 2011). Of the heterogeneity in preferences for crowding on trail, 
30% was explained by the trail users’ heterogeneity in the perceptions of hut occupancy, 
litter along the trail, trail use level and noise from other trail users (Table 7.6). Trail use level 
had the highest influence on the preferences for crowding on trail; 17% of heterogeneity in 
this factor was attributable to the heterogeneity in the perception of trail use level. On the 
other hand, 28% of heterogeneity in the preferences for intensity of road traffic was 
explained by the varying perceptions of noise from road traffic, hut occupancy and air 
pollution attributes. Visitors’ perception of noise from road traffic explained as much as 20% 




Rungie et al. (2011) demonstrated how structural choice models can test and evaluate theory. 
This paper demonstrated the usefulness of structural choice models in dealing with the issues 
of correlation or causal relations between the relevant choice attributes, especially when 
multidimensional concepts are of research interest. By allowing the researcher to link the 
complex phenomenon of research interest with its specific dimensions (estimated separately) 
in a joint structural model, the presented methodology relaxes the restrictions imposed by 
other solutions to attribute correlation/causality issues, such as exclusion of some relevant 
attributes, prone to omitted variable bias, or simply their aggregation in a single composite 
attribute which may lead to the loss of relevant information. Including multidimensional 
attributes in the DCE model reduces the number of choice attributes and, therefore, 
complexity of the choice task, and avoids inherent correlations between the attributes having 
some conceptual overlap. At the same time, such attributes allow considering all relevant 
aspects of a setting and therefore a realistic representation of the choice context. Our DCE   
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Table 7.5: Results of the influence model 50 
Para-
meter 
Attribute level  Estimate of mean for β S.E. t-value 
βASC ASC  2.28 0.21 10.83 
β1 Slightly crowded  0.69 0.19 3.66 
β2 Moderately crowded  0.28 0.16 1.72 
β3 Very crowded  ‒1.88 0.34 ‒5.56 
β4 Moderate traffic  0.26 0.12 2.20 
β5 High traffic  ‒1.26 0.21 ‒6.00 
β6 Various signage  0.36 0.10 3.56 
β7 Intact landscape  0.47 0.10 4.66 
β8 Good trail condition  0.70 0.12 5.78 
β9 Road noise  0.30 0.17 1.83 
β10 Hut occupancy  2.28 0.24 9.48 
β11 Air pollution  ‒0.29 0.18 ‒1.61 
β12 Litter  0.41 0.17 2.47 
β13 Trail use level  1.27 0.20 6.32 
β14 Visitor noise  ‒0.10 0.14 ‒0.73 
 From factor to  Attribute level Estimate of σ   
σ1,1 'Crowding on trail' Slightly crowded ‒0.55 0.10 ‒5.74 
σ2,1 'Crowding on trail' Moderately crowded ‒0.24 0.11 ‒2.17 
σ3,1 'Crowding on trail' Very crowded Fixed to 1   
σ4,2 'Road traffic' Moderate traffic 0.22 0.37 0.59 
σ5,2 'Road traffic' High traffic Fixed to 1   
σ6,3 'Educational signage' Various signage 0.47 0.13 3.69 
σ7,4 'Forest landscape' Intact landscape 0.57 0.17 3.28 
σ8,5 'Trail condition' Good trail condition 0.47 0.16 2.93 
σ9,6 'Road noise' Road noise 1.99 0.26 7.81 
σ10,7 'Hut occupancy' Hut occupancy 2.29 0.27 8.34 
σ11,8 'Air pollution' Air pollution 2.03 0.22 9.29 
σ12,9 'Litter' Litter 1.91 0.18 10.38 
σ13,10 'Trail use level' Trail use level 2.08 0.21 9.92 
σ14,11 'Visitor noise' Visitor noise 1.50 0.17 8.63 
 Factor  Estimate of std. dev. for δ   
σδ1 'Crowding on trail'  1.49 0.36 4.20 
σδ2 'Road traffic'  0.70 0.26 2.70 
 From factor to  Factor Estimate of a   
a2,6   'Road noise' 'Road traffic' ‒0.37 0.20 ‒1.87 
a1,7   'Hut occupancy' 'Crowding on trail' 1.30 0.44 2.94 
a2,7   'Hut occupancy' 'Road traffic' ‒0.21 0.15 ‒1.41 
a2,8   'Air pollution' 'Road traffic' ‒0.08 0.15 ‒0.52 
a1,9   'Litter' 'Crowding on trail' ‒0.26 0.28 ‒0.93 
a1,10  'Trail use level' 'Crowding on trail' ‒1.37 0.54 ‒2.56 
a1,11  'Visitor noise' 'Crowding on trail' 0.19 0.33 0.57 
 From factor to  Factor Estimate of φ   
φ1,5  'Crowding on trail' 'Trail condition' 0.85 1.51 1.68 
φ7,10 'Hut occupancy' 'Trail use level' 0.76 0.27 7.33 
Source: Own work. 
 
model revealed that crowding on trail and intensity of road traffic have a strong impact on 
the recreational experience; however, translating these findings into a specific situation on 
trail and into managerial actions would require further research, as respondents might have 
been focused on different aspects of these multidimensional attributes when making choices. 
To avoid this ambiguity, the DCE experiment was accompanied by an object case BWS 
experiment that estimated the relative impacts of specific crowding-related site conditions 
on trail users’ perception of crowding. Including all those conditions in a single DCE task 
would be too difficult for respondents to handle, and was also problematic because of the 
116 
 
Table 7.6: Heterogeneity in preferences for crowding on trail and road traffic explained by 






Total variance 3.20 0.67 




Total    30.2% 27.8% 
'Road noise'  20.3% 
'Hut occupancy' 10.3% 6.6% 
'Air pollution'  0.9% 
'Litter' 2.2%  
'Trail use level' 16.7%  
'Visitor noise' 1.1%  
Source: Own work. 
 
correlations between some of the attributes. The object case BWS format was used instead 
of a DCE due to its flexibility in evaluating the utilities of potentially correlated attributes 
(as it avoids the restrictions on the plausibility of attribute combinations), lower cognitive 
burden (i.e. possibility to include a greater number of attributes) and our interest in the 
overall utilities of attributes rather than within-attribute level utilities (Zhang et al., 2015). 
By combining DCE and BWS experiments in the SCM framework, we were able to 
investigate the amount of taste variation or heterogeneity in the preferences for 
multidimensional crowding attribute(s) attributable to the heterogeneity in the perception of 
its various dimensions or specific site conditions. Identifying how much different site 
conditions contribute to the perception of crowding, and how heterogeneity in visitors’ 
perceptions is reflected in their preferences for the levels of crowding provides valuable 
information to park management about the most sensitive issues in the park. Moreover, by 
linking these two models we were able to identify which aspects of recreational experience 
respondents considered the most when choosing between trail experiences with different 
levels of crowding.  
 
The BWS model enabled the evaluation of relative impacts of the correlated attributes that 
could not be simultaneously included in a DCE. However, the BWS model itself cannot 
identify which attributes are important to respondents, i.e. cannot identify which aspects of 
recreational experience raise management concerns. The utility estimates from a BWS 
experiment are on a common, but relative scale with an unknown anchor (Flynn et al., 2007). 
Our framework could be an important contribution to the validity of BWS experiments by 
providing a method of transforming the utility estimates to an absolute scale. The statistical 
significance of parameter estimates for the influence of lower-order attributes on preferences 
for the levels of corresponding higher-order attribute could be used as an indicator of 
attribute importance, thereby putting all utility estimates on a common scale with a known 
anchor (i.e. threshold of importance). 
 
The influence model highlighted the importance of two crowding-related site conditions, 
namely ‘trail use level’ and ‘noise from road traffic’, which negatively influence visitors’ 
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preferences for crowding in the Medvednica Nature Park. The results indicate that conditions 
of these two attributes are less desirable than conditions of other attributes included in the 
experiment, which could serve as guidelines for the park management when setting the 
priorities among aspects of visitors’ experience that should be more closely monitored. 
However, the amount of variation in preferences for crowding on trail (30%) and road traffic 
(28%) explained by the perceptions of selected site conditions may suggest that visitors are 
not overly concerned with these aspects of the recreational experience. This is not a 
surprising finding since the majority of visitors positively evaluated current levels of 
crowding in the Medvednica Nature Park. How the level of use is manifested as an impact 
that adversely affects visitors’ experience varies by the context (Manning, 2007). Even if a 
recreation area is used intensively, it is not necessarily the case that visitors feel crowded. In 
the frontcountry sites or highly used areas the presence of many other people is often 
expected and might be even sought (Kalisch, 2012). However, in the recreational settings 
where people evaluate current visitation levels more negatively, we would expect the 
perception of current conditions to play a much greater role (i.e. explain a greater amount of 
variance) in recreation preferences.  
 
Besides the perceptions of site conditions, the literature identified other factors, such as 
socio-demographic characteristics, motivation and experiences, as important determinants 
of recreation preferences (Boxall & Adamowicz, 2002). These aspects could be investigated 
within a latent class analysis. While SCMs explore the structure of heterogeneity by linking 
the attributes, they cannot identify the segments of respondents with distinct preferences. 
Latent class analysis provides different perspective on the structure of heterogeneity by 
identifying preference heterogeneity across respondents (Boxall & Adamowicz, 2002). 
Complementing SCMs with latent class analysis by linking the heterogeneity across 
respondents and across attributes would be an interesting extension to the model and provide 
a greater insight into the structure of preference heterogeneity. Future research should 




By using an empirical case of recreational experience in an urban nature park, this paper 
demonstrated how different choice experiments could be combined within the SCM 
framework to simultaneously evaluate correlated or causally related attributes that could not 
be simultaneously included in a single DCE study. We estimated the amount of variance in 
a multidimensional or higher-order attribute (crowding; estimated within a DCE) attributable 
to each of its sub-dimensions (site conditions; estimated within a BWS) by specifying the 
structural links between the two choice models. The contribution of a specific lower-order 
attribute to the heterogeneity in a higher-order attribute indicated which aspects of the 
multidimensional attribute respondents considered the most when making their choices, and 
which ones are in fact important to them. The results highlighted the importance of two site 
conditions, namely ‘trail use level’ and ‘noise from road traffic’, which influenced visitors’ 
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preferences for crowding in the Medvednica Nature Park, and could be used to prioritize 
management activities if the park is faced with increasing use pressure in the near future. 
Presented framework offers richer information to policy makers than other solutions to the 
attribute correlation/causality issues in choice experiments, namely the exclusion of some 








8 CONCLUDING REMARKS 
 
The findings of this dissertation, and of stated preference methods in general, reveal 
intentions of individuals and not their actual behavior. Therefore, offering as realistic a 
decision context as possible should contribute to the validity of DCE. An alternative-specific 
experimental design was used when evaluating patients’ preferences and WTP for dental 
care at the school clinic, due to its flexibility in avoiding the combinations of attributes and 
levels that may not be (perceived as) feasible or credible. Otherwise, respondents may ignore 
certain choice alternatives and not be willing to engage with the task. Furthermore, to 
simulate the real market conditions and account for potential substitution effects, the faculty 
dental care service was put in a more general context that considered both public and private 
providers of dental care. Forcing respondents to make a choice among hypothetical services 
without offering an opt-out option may bias the utility and WTP estimates as it assumes that 
all respondents would actually choose one of the potentially unappealing services on offer, 
while neither of them would be chosen in real life. Despite its theoretically desirable 
properties, in our context including an opt-out option was not of utmost importance, since 
the preferences and response error variance were not influenced by (not) offering this option. 
 
A relatively large heterogeneity in patients’ preferences was detected, which was partly 
explained by their age and education level. Older and/or more educated patients tended to 
give relatively less importance to treatment explanation, but were more attentive to 
interpersonal characteristics. Higher education was also associated with a higher propensity 
to substitute faculty dental care with private care providers. This is an important 
consideration from the health policy perspective that may help policy-makers in delivering 
a care system better suited to the preferences of patients, and in appropriately regulating the 
fee structure.  
 
Discrete choice experiments are based on the assumption that respondents are willing to 
make the trade-offs between choice attributes. This assumption implies that the relative 
importance of the attributes should not differ when another attribute is added to the DCE. In 
our study, preferences across the DCEs with and without the cost attribute were generally 
stable and consistent, indicating that respondents were willing to trade-off cost with other 
dental care attributes. Including an extra cost attribute increased the response error variance, 
which could be best explained by higher cognitive burden from a larger number of attributes 
in the choice task. If the variance, rather than preferences, is influenced by the design 
properties this is less troubling for the validity of the DCE. Therefore, the influence of the 
cost attribute may not be as relevant as some of the previous studies may have suggested.  
 
However, our findings revealed that a considerable share of respondents had ignored the cost 
attribute when making choices. While observed non-attendance to the choice attributes could 
be best explained by their true irrelevance rather than simplifying decision behavior, 
ignoring the cost attribute cannot be justified even if its levels in the experiment are truly not 
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relevant to a respondent. As the negative of the cost coefficient is used as a proxy for the 
marginal utility of income when calculating WTP values, near-zero coefficient for the cost 
attribute will make the WTP ratio 'explode' into a very large number. Hence, accounting for 
non-attendance to the cost attribute can lead to more realistic WTP estimates. In our study, 
the WTP values were significantly lower when non-attendance to the cost attribute was 
accounted for, and similar to the direct WTP values estimated through CV method. Direct 
estimation of individuals’ WTP avoids the issues raised by ignoring the cost attribute in DCE 
models, but is often considered susceptible to protest and strategic behavior. Nevertheless, 
we did not find strong evidence of such behavior in direct WTP estimates. The findings 
suggest that direct elicitation of WTP produced more valid estimates, and raise concerns 
about the derived WTP measures in DCE studies that did not consider attribute non-
attendance during the estimation process. The external validity of WTP estimates could not 
be tested due to the unavailability of revealed preferences, which is a common limitation in 
health economics studies.  
 
A typical CV study values a good as a whole and offers no information about the value of 
different attributes that comprise a good, which can be an important limitation. We designed 
a CV study with additional BWC tasks to derive attribute-specific WTP values from holistic 
WTP values estimated through the CV method. The estimated welfare measures were similar 
to those estimated in a traditional DCE model that accounted for non-attendance to the cost 
attribute. The proposed modelling approach is potentially a useful alternative to DCEs when 
the choice behavior of respondents raises concerns about the validity of estimated welfare 
measures. 
 
By using an empirical case of recreational experience in an urban nature park, the second 
survey investigated how to optimally describe a complex choice context to respondents. 
Environmental valuation generally involves trade-offs between complex goods and services 
that cannot be easily described with a restricted number of attributes. Including more 
attributes increases the cognitive difficulty of the choice task, and may be too much for 
respondents to process at the same time. On the other hand, omitting relevant attributes may 
lead to the omitted variable bias. To deal with this issue (choice task complexity vs. omitted 
variable problem), two different design strategies were introduced. One DCE used a full-
profile design with multidimensional attributes, which allowed keeping the overall number 
of choice attributes relatively low and cognitive burden of the task therefore manageable for 
respondents, while at the same time describing all the relevant aspects of the recreational 
experience. The other DCE included a greater number of more specific attributes of a 
recreational setting without increasing the number of trade-offs respondents evaluate in a 
single choice task by using a partial-profile design, in which only a number of attributes vary 
in each choice task. Both experiments yielded similar levels of perceived choice difficulty 
and self-reported choice certainty. Heterogeneity in preferences and scale was detected in 
both experiments. Higher propensity to simplified decision rules and greater error variance 
among less experienced trail users were found in the partial profile experiment with more 
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specific trail attributes, but not in the experiment with multidimensional attributes. 
Therefore, a design with the more general, multidimensional, attributes of a recreational 
setting may be more suitable when the majority of visitors are not familiar with the setting.  
 
Some of the relevant dimensions of complex attributes might be inherently correlated, which 
may raise concerns when using a design with disaggregated attributes. The levels of those 
attributes cannot be varied independently, and they should not be simultaneously included 
in the choice model. On the other hand, if multidimensional attributes are included, the 
respondents might focus on different aspects of those attributes when making choices. For 
example, crowding could be related to visitors’ numbers, behavior and activities; road traffic 
to air and noise pollution, and increased visitation rate. To avoid this ambiguity and enable 
valuation of correlated or causally related attributes, the DCE experiment was accompanied 
by an object case BWS experiment that estimated the relative impacts of various crowding-
related site conditions on trail users’ perception of crowding. By combining DCE and BWS 
experiments in the SCM framework, we estimated how much different site conditions 
contribute to the perception of crowding, and how heterogeneity in visitors’ perceptions is 
reflected in their preferences for the levels of crowding. The presented methodology offers 
richer information to policy makers than other solutions to the attribute correlation/causality 
issues, namely the exclusion of some relevant attributes or simply their aggregation into a 
single composite attribute. 
 
Finally, our framework may offer a solution to the anchoring problems in BWS tasks by 
providing a method of transforming the utility estimates, which are measured on a common, 
but relative scale with an unknown anchor, to an absolute scale. The statistical significance 
of parameter estimates for the influence of lower-order attributes on preferences for the 
levels of corresponding higher-order attribute could be used as an indicator of attribute 
importance, thereby putting all utility estimates on a common scale with a known anchor 
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Appendix A: Summary in Slovenian language / Daljši povzetek disertacije v 
slovenskem jeziku 1 
Poskusi diskretne izbire so priljubljena metodologija za pridobivanje preferenc ljudi v 
zdravstvenih in okoljskih raziskavah, prometu in trženju. Dobrino opisujejo v smislu 
številnih značilnosti ali atributov. Atributi lahko imajo različne vrednosti, ki so združene, da 
opišejo različne alternativne možnosti. Dve ali več alternativ je ponujenih v vsakem izbirnem 
setu, od vprašanih pa se zahteva, da izberejo svojo prednostno alternativo. Izbira 
posameznika odraža kompromise med nivoji atributov, ki so jih pripravljeni narediti in jih 
je mogoče analizirati, da bi ugotovili utež, ki jo ljudje dodelijo različnim atributom storitev. 
Če so stroški ali cena vključeni kot atribut, se lahko mejne ocene koristnosti pretvorijo v 
ocene pripravljenosti na plačilo. 
 
Oblikovanje odločitvenih poskusov sledi štirim ključnim korakom: načrtovanje izbirnih 
nalog, eksperimentalni načrt, zbiranje podatkov in statistična analiza. Načrt izbirne naloge 
po navadi vključuje različne vire informacij, kot so pilotne raziskave, fokusne skupine, 
strokovno mnenje in pregled literature, za določitev ustreznih atributov dobrin in njihovih 
nivojev, ki se vključijo v poskus diskretne izbire. Naslednji korak je najti optimalno 
eksperimentalno zasnovo, tj. optimalno kombinacijo atributov in njihovih ravni, ki določa 
alternative in sete izbora. Pogosto se izvajajo D-učinkovitostni modeli, ki skušajo zmanjšati 
standardne napake in kovariance ocen parametrov. Glede na to, da lahko skupno število 
kombinacij postane preveliko in zato prezahtevno in časovno dolgotrajno za anketirance, se 
običajno uporablja delna faktorska zasnova. Delna zasnova je vzorec polne faktorske 
zasnove, ki vključuje le podmnožico vseh možnih kombinacij atributov in ravni, ki pa kljub 
temu dovoljuje oceno vseh želenih učinkov. Kljub temu je lahko število izbirnih nizov 
visoko in pred zbiranjem podatkov je zasnova poskusa diskretne izbire običajno zložena v 
podskupine izbirnih nizov, pri čemer je vsak anketiranec naključno dodeljen posameznemu 
nizu. Analiza odločitvenih podatkov temelji na teoriji slučajne koristnosti. Ker je koristnost 
latenten in neopazovan konstrukt, opazujemo samo kazalce koristnosti v obliki odločitev, 
narejenih s strani anketirancev. Koristnost posameznika i pri izbiri alternative j med J 
možnimi alternativami v situaciji izbora t se dekomponira v vsoto sistematične komponente 
(Vijt) in slučajne komponente (εijt): Uijt = μVijt + εijt. Dobljene ocene koristnosti so 
kombinirane z umeritvenim parametrom μ, ki je obratno sorazmeren z varianco slučajne 
komponente. Zato se lahko ocene koristnosti razlikujejo ne le zaradi razlik v preferencah za 
atribute (razlike v sistematičnih komponentah), temveč tudi zaradi razlik v variancah 
(slučajne komponente koristnosti). Heterogenost v preferencah med anketiranci se lahko 
prilagodi z uporabo mešanega logističnega modela in modela latentnih razredov. Mešani 
logistični model predstavlja neopazovano preferenčno heterogenost z upoštevanjem slučajne 
komponente v atributih modela in tako dovoljuje razlikovanje parametrov modela glede na 
posameznika. Model latentnih razredov uporablja diskretno porazdelitev za oblikovanje 





Oblikovanje odločitvenih poskusov je zahtevna naloga s številnimi metodološkimi izzivi. 
Med glavnimi izzivi, povezanimi s poskusi diskretne izbire, sta kompleksnost naloge in 
kognitivno breme. Medtem ko naj bi naloga izbire opisovala relevantne atribute 
ovrednotenja dobrin, količina informacij, predstavljenih pri izbirni nalogi, povečuje 
kognitivno breme za anketirance. Velika kognitivna obremenitev pogosto spodbuja 
anketirance, da ne upoštevajo nekaterih informacij, ki so jim bile predstavljene, da si 
poenostavijo nalogo izbire, kar lahko vpliva na veljavnost poskusa diskretne izbire. 
Vključitev vseh ustreznih atributov je lahko še bolj zapletena, če so nekateri atributi 
povezani in jih ni mogoče neodvisno spreminjati, kar lahko vodi do nerealnih kombinacij 
ravni atributov in spodbuja neustrezno hevristično izbiro. Po drugi strani pa lahko izpustitev 
relevantnih atributov iz naloge izbire vodi do pristranskosti zaradi izpuščenih spremenljivk. 
 
Drugo pomembno vprašanje je hipotetična pristranskost ali neskladje med hipotetičnim in 
resničnim vedenjem (npr. med navedeno pripravljenostjo na plačilo in zneskom, ki bi ga 
dejansko želeli plačati). Medtem ko merilo zunanje veljavnosti ocen, tj. strinjanje z 
dejanskimi ali resničnimi preferencami, pogosto ni na voljo v odločitvenih poskusih, je 
običajna ugotovitev v študijah, da imajo posredne metode za ocenjevanje vrednosti 
pripravljenosti na plačilo, kot je poskus diskretne izbire, višje ocene pripravljenosti na 
plačilo kot neposredne metode, kot je kontingenčno vrednotenje. Literatura nakazuje, da bi 
lahko bilo nepoznavanje atributov izbire zelo razširjeni problem, ki vzbuja dvome glede ocen 
parametrov koristnosti in pripravljenosti na plačilo. 
 
Ta disertacija se osredotoča na zgornja metodološka vprašanja pri odločitvenih poskusih, ki 
smo jih preučevali v okviru ocenjevanja pripravljenosti na plačilo za zobozdravstveno 
oskrbo in ocenjevanja preferenc uporabnikov poti glede različnih rekreacijskih pogojev v 
periurbanem naravnem parku. Prva raziskava, ki je bila izvedena na Fakulteti za 
stomatologijo Univerze v Zagrebu, je ocenila pripravljenost na plačilo za zobozdravstveno 
oskrbo v šolski kliniki. Izbira ustreznih atributov in njihovih ravni je temeljila na pregledu 
literature, strokovnem mnenju osebja fakultete in pilotni anketi. Vključeni so bili naslednji 
atributi za zobozdravstveno oskrbo: ponudnik zobozdravstvene oskrbe (član fakultete, 
študent ali zaposlen v zasebni zobozdravniški ordinaciji), pojasnilo o zdravljenju (natančno 
ali brez), odnos osebja do pacientov (toplo in prijazno, formalno in nepazljivo), čakalni čas 
v čakalnici (5, 20 ali 45 min) in cena (0, 75, 150, 300, 375, 450 ali 500 HRK). Za izogibanje 
nerealnim možnostim izbire je bila uporabljena alternativno-specifična zasnova, pri čemer 
so se lahko ravni atributov čakalnega časa in cena oskrbe razlikovali glede na alternativne 
ponudnike zobozdravstvenih storitev (tj. med študenti, člani fakultete in zasebnimi 
ponudniki zobozdravstvenih storitev). D-učinkovitostna deležna faktorska zasnova je 
privedla do 32 sklopov izbire, ki so bili razdeljeni v štiri skupine osmih izbirnih sklopov, kar 
je zmanjšalo breme za anketiranca. Vsak sklop izbire je vseboval dve alternativni fakultetni 
ponudbi za zobozdravstveno oskrbo (eno s strani študenta in druga s strani člana fakultete) 
ter možnost oskrbe v zasebni zobozdravniški ordinaciji po povprečni tržni ceni 500 HRK 
(67 €). Anketni vprašalnik je vključeval dodatno nalogo diskretne izbire brez stroškovnega 
3 
 
atributa in možnosti zavrnitve (tj. oskrbe v zasebni zobozdravniški ordinaciji namesto oskrbe 
v fakulteti), vendar z istim nizom drugih izbirnih atributov in njihovih ravni. D-
učinkovitostna deležna faktorska zasnova je vključevala 16 izbirnih sklopov, ki so bili 
razdeljeni v štiri sklope s štirimi seti. 
 
Prvi članek je preučil obseg heterogenosti pri pacientovih preferencah za zobozdravstveno 
oskrbo, dejavnike, ki vplivajo na njihove želje ter pripravljenost na plačilo za izboljšanje 
posebnih atributov zobozdravstvene oskrbe. V povprečju je bila razlaga zdravljenja najbolj 
cenjena značilnost med pacienti, ki bi bili pripravljeni plačati 335 HRK (45 €) za 
podrobnejšo razlago napram zdravljenju brez pojasnila. Obnašanje stomatološkega osebja je 
bil drugi najpomembnejši atribut z mejno vrednostjo 208 HRK (28 €). Zobozdravstvena 
oskrba, ki so jo opravljali člani fakultete in zasebni zobozdravstveni delavci, je bila 
vrednotena podobno, študentska oskrba pa je bila vredna 173 HRK (23 €) manj. Čakalni čas 
v pisarni je bil v povprečju najmanj pomemben atribut. 
 
Ker imajo pacienti pogosto različna pričakovanja in preference glede intervencije 
zdravstvenega varstva, je pomembno, da pri ocenjevanju pripravljenosti na plačilo za 
zdravstveno varstvo upoštevamo heterogenost v preferencah pacientov. Mešani logistični 
model in model latentnih razredov sta zaznala veliko heterogenost pri preferencah pacientov. 
Standardni odkloni ocen parametrov iz mešanega logističnega modela zagotavljajo 
informacije o spremenljivosti preferenc za določeno raven atributa med posamezniki. Veliki 
in statistično značilni standardni odkloni, ki kažejo visoko variabilnost v preferencah, so bili 
povezani z vsemi slučajnimi parametri, razen s čakalnim časom do 5 minut v čakalnici. 
Model latentnih razredov je opredelil štiri razrede pacientov z različnimi preferencami. 
Starejši in/ali bolj izobraženi pacienti so dali sorazmerno manj pomena razlagi zdravljenja, 
vendar so bili bolj pozorni na medosebne značilnosti. Visoka izobrazba je bila povezana tudi 
z večjo nagnjenostjo k nadomestitvi zobozdravstvene oskrbe z zasebnimi ponudniki. 
 
Predvideni odzivi pacientov na spremembe v atributih zobozdravstvene oskrbe so pokazali, 
da v razmerah zastonjske zobozdravstvene oskrbe v šolski kliniki (trenutna situacija) različni 
atributi ne bi imeli velikega vpliva na predvideno uporabo alternativnih zobozdravstvenih 
storitev. Vendar pa je predvidena uporaba alternativnih zobozdravstvenih storitev pokazala, 
da bi bili pacienti v večji meri pripravljeni opustiti in nadomestiti zobozdravstveno oskrbo v 
šolski kliniki z zasebno zobozdravstveno oskrbo, če bi prišlo do uvedbe plačil na šolski 
kliniki. Zato je potrebno več truda vložiti v različne vidike zobozdravstvene oskrbe v šolski 
kliniki, da bi dosegli standarde zasebnih zobozdravstvenih ordinacij. 
 
Različne značilnosti zasnove ankete, kot je vključitev možnosti izključitve in izbira atributov 
ter njihovih ravni, lahko vplivajo na način izbire anketirancev in ocene parametrov 
koristnosti. Atribut stroškov je še posebej pomemben v tem kontekstu, saj je ocena 
pripravljenosti na plačilo tipičen pristop analize politik, povezan s poskusi diskretne izbire. 
Če se anketirancem ne ponudi možnosti izključitve, bi lahko bila naloga izbora manj realna 
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zaradi slabega opisa dejanskih tržnih razmer. V drugem članku so bili preučeni učinki 
vključitve opcije izključitve in stroškovnega atributa na strukturo izraženih preferenc in 
nepojasnjeno varianco modela. Za preizkušanje heterogenosti preferenc in obsega smo 
uporabili generalizirani multinomialni logistični model. Če možnosti izključitve 
anketirancem nismo dali, to ni vplivalo na preference glede zobozdravstvene oskrbe in na 
nepojasnjeno varianco modela. Poleg tega je vrstni red atributov ostal enak, splošne 
preference pa se niso bistveno razlikovale, ko je bil dodan atribut stroškov v poskus diskretne 
izbire. To pomeni, da anketiranci niso spremenili svojega pravila odločanja in so bili 
pripravljeni zamenjati stroške z drugimi atributi zobozdravstvene oskrbe. Vendar pa je 
dodajanje atributa stroškov statistično značilno znižalo umeritveni parameter (tj. povečalo 
nepojasnjeno varianco modela), kar bi lahko najbolje pojasnilo višje kognitivno breme, če 
bi dodali dodaten atribut k nalogi izbire. Zato smo z dodatnim stroškovnim atributom dobili 
učinek, ki bi se pričakoval od vključitve kateregakoli drugega atributa izbire, kar kaže na to, 
da njegov vpliv morda ni tako pomemben, kot so predlagale nekatere od prejšnjih študij. 
 
Literatura nakazuje, da se poskus diskretne izbire lahko izogne nekaterim negativnim 
odzivom, ki so pogosto opaženi v kontingenčnem vrednotenju, kot so protestno in strateško 
vedenje. Vendar pa obstaja omejitev, koliko informacij lahko anketiranci prenesejo pri 
odločanju. Študije s poskusi diskretne izbire so pokazale, da anketiranci pogosto zanemarijo 
enega ali več atributov pri izbiri in lahko zanemarijo sam stroškovni atribut, s čimer otežujejo 
izračun mejnih vrednosti pripravljenosti na plačilo. Po drugi strani pa se metoda 
kontingenčnega vrednotenja izogiba težavi neupoštevanja stroškovnega atributa tako, da 
neposredno oceni pripravljenosti na plačilo. Poleg zgoraj opisanega vprašalnika s poskusom 
diskretne izbire smo oblikovali vprašalnik, ki je uporabil kontingenčno metodo za oceno 
pripravljenosti na plačilo zobozdravstvene oskrbe. V nalogi kontingenčnega vrednotenja so 
anketiranci ocenili dva ekstremna scenarija zobozdravstvene oskrbe: najboljši scenarij – 
zobozdravstvena oskrba, ki jo opravlja član fakultete, natančna razlaga zdravljenja, toplo in 
prijazno osebje ter 5-minutni čakalni čas v čakalnici ter najslabši scenarij – zobozdravstvena 
oskrba, ki jo opravi študent, brez obrazložitve zdravljenja, formalno in nepazljivo osebje ter 
45-minutni čakalni čas v čakalnici. Uporabili smo pristop razdeljenega vzorca, pri katerem 
so bili udeleženci naključno razporejeni na nalogo diskretne izbire ali kontingenčnega 
vrednotenja. 
 
Tretji članek je raziskal, ali metode diskretne izbire in kontingenčno vrednotenje omogočajo 
primerljive ocene plačila za zobozdravstveno oskrbo. Podatke o izbiri smo analizirali z 
uporabo mešanega logističnega modela, ocenjenega v koordinatah pripravljenosti na plačilo. 
Pristop plačilnih kartic, ki ponuja anketirancem vrsto vrednosti in jih prosi, naj obkrožijo 
največji znesek, ki bi ga bili pripravljeni plačati, je bil uporabljen pri neposredni oceni (tj. 
kontingenčnemu vrednotenju) pacientove pripravljenosti na plačilo. Odgovori so bili 
analizirani v intervalnem regresijskem modelu. V skladu s splošno literaturo, ki je 
proučevala izražene preference, je poskus diskretne izbire prinesel statistično značilno višje 
ocene plačila kot metoda kontingenčnega vrednotenja. V odsotnosti merila zunanje 
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veljavnosti in s teoretično veljavnimi rezultati tako metode diskretne izbire kot kontingenčne 
metode smo testirali, ali bi potencialno odstopanje v ocenah plačila lahko pojasnili s 
strateškim obnašanjem anketirancev v kontingenčnem vrednotenju, ker smo neposredno 
ocenili pripravljenost na plačilo anketirancev in z nekompenzacijskim vedenjem (tj. 
ignoriranjem atributov) anketirancev pri odločanju pri poskusu diskretne izbire. Strateško 
vedenje v kontingenčni metodi lahko privede do navzdol usmerjene pristranskosti ali 
namerne podcenjene vrednosti storitev, če anketiranci menijo, da se študija uporablja za 
namen oblikovanja cen. Obseg strateškega vedenja v kontingenčni metodi je bil raziskan z 
uporabo tehnike vinjete, s tem da so vprašali podskupino anketirancev, da ovrednotijo 
določeno zobozdravstveno oskrbo, ne da bi omenili uvedbo pristojbin za anketirance same, 
temveč samo za hipotetično osebo, ki nima zdravstvenega zavarovanja. 
 
Po drugi strani pa je bila odsotnost atributa v poskusu diskretne izbire preučena z 
ugotavljanjem obsega prevladujočega vedenja in z uporabo modela endogenega upoštevanja 
atributov. Medtem ko strateško vedenje v neposrednih ocenah pripravljenosti na plačilo ni 
bilo očitno, saj sta tako samoocenjevanje kot tudi tehnika vinjete pri kontingenčni metodi 
pokazali podobne ocene pripravljenosti na plačilo, je model endogenega upoštevanja 
atributov pokazal, da je skoraj vsak drugi anketiranec v poskusu diskretne izbire prezrl 
stroškovni atribut. Obstajajo različni razlogi, zaradi katerih anketiranci prezrejo stroškovni 
atribut, npr. da hočejo povedati, da je tema vrednotenja zelo pomembna (da imajo zelo 
močno preferenco za izboljšave pri zagotavljanju zdravstvene oskrbe) ali da protestirajo 
proti kompromisu med denarnimi in zdravstvenimi atributi. Ignoriranje stroškovnega 
atributa lahko tudi signalizira ravnodušnost do določenih ravni cen in je zlasti zaskrbljujoče 
v zvezi z ocenami plačila, saj se koeficient stroškovnega atributa (njegova negativna 
vrednost) uporablja kot približek za mejno koristnost dohodka. Vrednost koeficienta 
stroškovnega atributa blizu nič pa bo povzročila, da bo razmerje ocen pripravljenosti na 
plačilo “eksplodiralo”. Več kot dvakrat višja povprečna ocena pripravljenosti na plačilo v 
poskusu diskretne izbire v primerjavi s kontingenčnim vrednotenjem je bila znatno nižja in 
bližje kontingenčni metodi, ko je bila upoštevana neprisotnost stroškovnega atributa. 
Sprememba od najslabšega do najboljšega scenarija zobozdravstvene oskrbe je bila v 
povprečju ocenjena na 746 HRK (99 €) v tradicionalnem modelu diskretne izbire (z uporabo 
mešanega logističnega modela), na 288 HRK (38 €) v modelu endogenega upoštevanja 
atributov, ki je upošteval mogočo neprisotnost stroškovnega atributa ter na 225 HRK (30 €) 
v modelu kontingenčnega vrednotenja. Rezultati kažejo, da so neposredne ocene 
pripravljenosti na plačilo preko kontingenčne metode bolj realne, kar prinaša dvome o 
izračunanih ocenah pripravljenosti na plačilo v poskusih diskretne izbire, ki niso upoštevali 
neprisotnosti stroškovnega atributa med ocenjevalnim postopkom. 
 
Tipična naloga kontingenčnega vrednotenja vrednoti dobrino kot celoto in ne ponuja 
nobenih informacij o vrednosti posameznih atributov, ki obsegajo dobrino, kar je lahko 
pomembna omejitev v primerjavi s poskusi diskretne izbire. Za pridobitev vrednosti 
pripravljenosti na plačilo za specifične atribute iz vrednosti pripravljenosti na plačilo za 
6 
 
celovito dobrino, pridobljene s pomočjo kontingenčne metode, je četrti članek uporabil 
dodatne informacije iz naloge tipa najboljša-najslabša izbira, ki je ocenila iste lastnosti 
zobozdravstvene oskrbe kot kontingenčna metoda. Najboljša-najslabša izbira je kombinacija 
naloge najboljšega-najslabšega lestvičenja in naloge binarnega tipa diskretne izbire. 
Uporabili smo profilni tip poskusa najboljšega-najslabšega lestvičenja, v katerem so ljudi 
vprašali, da izberejo najboljšo in najslabšo raven atributa iz enega profila (ali scenarija), ki 
ga opisujejo štirje atributi zobozdravstvene oskrbe: ponudnik zobozdravstva (član fakultete 
ali študent), razlago zdravljenja (natančno ali brez), zobozdravstveno osebje (toplo in 
prijazno, formalno in nepazljivo) in čakalni čas v čakalnici (5, 20 ali 45 min). Po vsaki nalogi 
najboljšega-najslabšega lestvičenja so subjekti opravili dodatno nalogo diskretne izbire, da 
sprejmejo ali zavrnejo celoten scenarij (tj. zobozdravstveno oskrbo, ki je pokazala takšno 
kombinacijo ravni atributov). Celoten faktorski model je bil uporabljen za izdelavo profilov, 
ki so bili razdeljeni v dva sklopa po 12 profilov (tj. scenarijev zobozdravstvene oskrbe), da 
bi zmanjšali breme anketiranca. Anketiranci so bili naključno dodeljeni enemu sklopu. 
Podatki iz nalog najboljšega-najslabšega lestvičenja in poskusa diskretne izbire so bili 
sintetizirani in uporabljeni za ocene pripravljenosti na plačilo specifičnih atributov iz ocene 
pripravljenosti na plačilo za celovito dobrino, pridobljene s pomočjo kontingenčne metode. 
 
Predlagana metodologija prepozna zmožnost poskusa najboljšega-najslabšega lestvičenja, 
da zagotovi vrednosti vseh ravni atributov na enaki merilni lestvici in sposobnost poskusa 
diskretne izbire, da izvede nepogojno analizo povpraševanja z upoštevanjem učinkov 
substitucije med različnimi možnostmi, ki so lahko na voljo v resničnem življenju. Izvedene 
ocene plačila so primerjali s tradicionalnimi ocenami plačila, pridobljenimi v ločenem 
poskusu diskretne izbire in ocenjenimi z upoštevanjem neprisotnosti stroškovnega atributa. 
Za večino atributov so bile mejne ocene pripravljenosti na plačilo, ocenjene v modelu 
endogenega upoštevanja atributov iz poskusa diskretne izbire, izredno podobne ocenam, 
izpeljanim z nalogo najboljše-najslabše izbire iz metode kontingenčnega vrednotenja: 97 
HRK (12,9 €) in 101 HRK (13,5 €) za pojasnitev zdravljenja, 54 HRK (7,2 €) in 61 HRK 
(8,1 €) za obnašanje stomatološkega osebja, 49 HRK (6,5 €) in 54 HRK (7,2 €) za čakalni 
čas v čakalnici. Po drugi strani pa so bile ocene za tip ponudnika zobozdravstva nekoliko 
manj podobne. Obe metodi sta bili skoraj enaki oceni plačila za prehod iz najslabšega do 
najboljšega scenarija zobozdravstvene oskrbe: v modelu endogenega upoštevanja atributov 
je povprečna ocena znašala 288 HRK (38,4 €) in 287 HRK (38,3 €) pri uporabi predlaganega 
postopka razčlenitve vrednosti pripravljenosti na plačilo za celovito dobrino, ocenjene v 
kontingenčnem vrednotenju. Ugotovitve kažejo, da bi predlagana metodologija lahko bila 
dragocena alternativa tradicionalnim poskusom diskretne izbire, kadar vedenje anketirancev 
pri odločanju vzbudi skrb glede veljavnosti ocen plačila. 
 
Drugi del disertacije je bil osredotočen na predstavitev konteksta izbire v kompleksnih 
poskusih diskretne izbire. Okoljsko vrednotenje na splošno vključuje kompromise med 
kompleksnimi storitvami, ki jih ni mogoče preprosto opisati z omejenim številom atributov. 
Druga raziskava je ocenila preference uporabnikov poti za različne naravne, socialne in 
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vodstvene pogoje v Naravnem parku Medvednica, ki je zaščiteno gozdno območje na 
obrobju mesta Zagreb, glavnega mesta Hrvaške. 
 
Upoštevanje več okoljskih pogojev zahteva relativno veliko število izbirnih atributov. Prositi 
anketirance, naj obdelajo veliko količino informacij, nalaga visoko kognitivno breme in jih 
spodbuja k poenostavitvi naloge izbire, kar lahko prispeva k večji nepojasnjeni varianci 
modela in vpliva na veljavnost ocen koristnosti. Po drugi strani pa lahko opuščanje nekaterih 
ustreznih atributov iz naloge izbire vodi do pristranskosti zaradi izpuščenih spremenljivk, to 
pa povzroči pristranskost v ocenah koristnosti, če na anketirance vplivajo atributi, ki niso 
vključeni v poskus diskretne izbire. Peti članek je raziskal, kako optimalno opisati 
kompleksno izbiro konteksta za anketirance z uporabo dveh različnih pristopov pri 
uravnoteženju interesov v različnih atributih na eni strani in kompleksnosti naloge izbire na 
drugi strani. 
 
Zasnovali smo dva ločena poskusa diskretne izbire, ki sta se razlikovala pri zagotavljanju 
informacij o rekreativnih pogojih, glede na vrsto informacij, ki so bile predložene 
anketirancem (večrazsežni in enorazsežni atributi) ter vrsto eksperimentalne zasnove, ki se 
uporablja za posredovanje informacij anketirancem (polna profilna ali delna profilna 
zasnova). En poskus diskretne izbire je uporabil zasnovo polnega profila (v katerem so vsi 
atributi prikazani v vsakem nizu izbire) in večrazsežne atribute (gneča na poti in intenzivnost 
cestnega prometa), da bi število atributov bilo obvladljivo za anketirance in da bi bili 
upoštevani vsi pomembni vidiki obiskovalčeve izkušnje. V tem poskusu diskretne izbire so 
bili vključeni naslednji atributi: gozdna pokrajina (nedotaknjena ali degradirana), stanje poti 
(dobro ali slabo), izobraževalne oznake (razne ali brez), gneča na poti (brez gneče, srednja 
gneča ali velika gneča) in intenzivnost cestnega prometa (nizka, zmerna ali visoka). Za 
definiranje sklopov izbire je bila uporabljena D-učinkovitostna zasnova polnega profila. 
Dobljenih je bilo skupaj 12 različnih sklopov izbire. V vsakem sklopu izbire sta bili opisani 
dve alternativni izkušnji poti. Zasnova je bila razdeljena na tri sklope po štiri nize izbire, 
anketiranci pa so bili naključno dodeljeni enemu sklopu. 
 
Percepcija gneče se spreminja z različnimi družbenimi, psihološkimi in situacijskimi 
dejavniki rekreativnega okolja. Značilnosti obiskovalcev, dejavnosti in vedenja, ne le 
njihovo število, so pomembni dejavniki percepcije gneče. Da bi pridobili čim več informacij 
iz odločitev, so bili večrazsežni atributi zamenjani v drugem poskusu s številnimi enotnimi, 
razčlenjenimi atributi, ki opisujejo rekreativne izkušnje (povezane z gnečo na poti in 
intenzivnostjo cestnega prometa): raven uporabe poti (1, 4, 8 ali 12 ljudi na določenem delu 
poti), srečanje s kolesarji (ne ali pogosto), odpadki ob poti (veliko ali brez), onesnaževanje 
zraka iz cestnega prometa v parku Medvednica (zanemarljiv ali upravičen pozornosti) in 
motnja hrupa s cestnega prometa (pogosta ali občasna). Osrednji niz atributov, ki se 
uporabljajo v drugih okoljskih študijah, ki so bile večinoma osredotočene na vizualne 
atribute, je bil razširjen z vključevanjem spremljajočih senzoričnih signalov, ki so sestavni 
del naravnega okolja, kot sta neonesnažen zrak in zvok. Izbor atributov je temeljil na 
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pregledu ustrezne literature o rekreaciji na prostem, obstoječih študijah o pritiskih uporabe 
v Naravnem parku Medvednica ter posvetovanj z osebjem parkov. Atributi so predstavljali 
dileme upravljavcev parka. V drugem poskusu (z večjim številom bolj specifičnih, 
enorazsežnih atributov) je uporabljena delna profilna zasnova, tako da se prepreči veliko 
povečanje kognitivnega bremena. V zasnovi delnega profila se v vsakem nizu izbire pojavlja 
le podskupina atributov, ravni v treh atributih pa so bile v vsakem nizu izbire nespremenjene. 
Zato so bili anketiranci predstavljeni s petimi atributi v vsakem nizu izbire v obeh poskusih 
diskretne izbire. Ponovno smo v vsakem sklopu predstavili dve možnosti. Zasnova je bila 
razdeljena na štiri sklope štirih nizov izbire, tako da je vsak anketiranec odgovoril na štiri 
naloge izbire.  
 
Pomembnost atributa gneče na poti je bila predvsem posledica velike občutljivosti na njeno 
najbolj skrajno raven; uporabniki poti so bili v povprečju pripravljeni prenašati vse, razen 
velike gneče. To pomeni, da kljub sorazmerno visoki stopnji rekreacijske dejavnosti trenutno 
stanje ne povzroča upravljalnih skrbi. Videti je, da so ne-vizualne senzorične izkušnje z 
naravo (onesnaženost zraka in hrup s cestnega prometa) pomembnejši za uporabnike, kot 
raven uporabe poti, kar kaže na to, da bi morale biti dejavnosti upravljanja parkov bolj 
osredotočene na upravljanje vedenja uporabnikov, kot pa na samo število uporabnikov. Ker 
se onesnaženost in hrup s ceste v parku ne upravljata sistematično, vendar močno prispevata 
h koristnosti obiskovalcev, so pomembna vodstvena vprašanja. Gozdna pokrajina in 
izobraževalne označbe so manj pomembne za uporabnike poti in zahtevajo manjšo pozornost 
upravljanja. Prisotnost gorskih kolesarjev na poti je bila edina značilnost brez statistično 
značilnega vpliva na obiskovalčevo koristnost. 
 
Opažena težavnost naloge izbire, samo-poročana gotovost izbora in doslednost izbora so bili 
podobni v obeh poskusih. Heterogenost v preferencah in merilu je bila analizirana z merilu-
prilagojenim modelom latentnih razredov in rešitev z dvema preferenčnima razredoma in 
dvema merilnima razredoma je bila optimalna v obeh eksperimentih. Da bi preučili učinek 
kompleksnosti izbire na ocene parametrov in nepojasnjeno varianco (tj. na konsistentnost 
izbire), so bili multinomialni logistični modeli ocenjeni na podskupini anketirancev, ki so 
nalogo ocenili kot enostavno ali nevtralno in na podskupini anketirancev, ki so nalogo izbire 
ocenili kot težavno. Če modelov izbire, ki se razlikujejo po stopnji kompleksnosti, ni mogoče 
združiti, to signalizira spremembo v obnašanju glede odločanja anketirancev. Za 
združevanje skupin “enostavna naloga” in “težka naloga” je bil uporabljen heteroskedastični 
multinomialni logistični model, hkrati pa so se umeritveni parametri lahko razlikovali.  
 
Medtem ko umeritvenega parametra ni mogoče identificirati v enem viru podatkov, je 
relativni umeritveni parameter mogoče identificirati iz več virov podatkov. Preizkusi 
razmerja verjetnosti so bili uporabljeni za preizkus enakosti preferenčnih in umeritvenih 
parametrov v obeh skupinah. V eksperimentu z večrazsežnimi atributi ni bilo mogoče 
zavrniti hipotez o enakih parametrih koristnosti in enakih umeritvenih parametrih med 
skupinami “enostavna naloga” in “težka naloga”. V poskusu delnega profila z bolj 
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specifičnimi atributi poti je bila hipoteza o enakih parametrih koristnosti in umeritvenih 
parametrov med skupinami “lahka naloga” in “težka naloga” zavrnjena in ni jih bilo mogoče 
združiti. Opazovanje sprememb parametrov kot odgovor na spremembe v kompleksnosti 
naloge kaže na preusmeritev na poenostavljeno sprejemanje odločitev. Poleg indikacij 
nekompenzacijskega vedenja (tj. višje nagnjenosti k poenostavljenim pravilom odločanja), 
ki je bil ugotovljen v tem poskusu, je bila večja varianca napake opazovana med manj 
izkušenimi uporabniki poti (analizirana s parameteriziranim heteroskedastičnim 
multinomialnim logističnim modelom). Zato rezultati kažejo, da je oblikovanje z bolj 
splošnimi, večrazsežnimi atributi rekreativnega okolja morda bolj primerno, če večina 
obiskovalcev okolja ne pozna. 
 
Nazadnje je vključitev vseh ustreznih atributov lahko zapletena ne le zaradi samega števila 
atributov, temveč tudi zato, ker so nekateri atributi (kot pomembne razsežnosti kompleksnih 
atributov) lahko povezani. Ravni teh atributov ni mogoče neodvisno spreminjati in jih ne bi 
smeli istočasno vključiti v model izbire. To povzroča zaskrbljenost, ker anketiranci pogosto 
poskušajo ugotoviti pomen alternativ in nevzdržne ali nerealne kombinacije ravni atributov, 
ki jih je ustvarila eksperimentalna zasnova, lahko spodbujajo neustrezno izbiro hevristike in 
vplivajo na pripisano utež atributov, ki so na izbiro. Okoljski pogoji so pogosto medsebojno 
povezani in kot taki ne bi smeli biti hkrati vključeni v poskus diskretne izbire. Če obstaja 
več atributov z morebitnim konceptualnim prekrivanjem, lahko skupaj predstavimo več 
atributov (to pomeni, da jih združimo v en večrazsežni atribut). Vendar se anketiranci pri 
odločanju osredotočajo na različne vidike večrazsežnih atributov, zaradi česar so pri takšnih 
atributih manjše možnosti interpretiranja. Na primer, gneča bi lahko bila povezana s številom 
obiskovalcev, vedenjem in dejavnostmi; promet na cesti z onesnaženim zrakom in zvokom 
ter povečanim obsegom obiska. 
 
Šesti prispevek je predstavil nov pristop, ki se ukvarja s koreliranimi oziroma vzročno 
povezanimi značilnostmi poskusa diskretne izbire, pa tudi z večpomenskostjo pri uporabi 
večrazsežnih atributov, saj se lahko anketiranci osredotočajo na različne vidike teh atributov, 
ki so na izbiro. Poleg poskusa diskretne izbire, ki je ocenil preference za večrazsežne atribute 
(gneča na poti in intenzivnost cestnega prometa), je bil zasnovan še en odločitveni poskus, 
osredotočen na vrednotenje različnih razsežnosti teh atributov. Posebni pogoji, povezani z 
gnečo v parku (ki predstavljajo razčlembo večrazsežnih atributov), ki jih ni mogoče hkrati 
vključiti v en sam poskus diskretne izbire zaradi lastnih korelacij med nekaterimi atributi, so 
bili ovrednoteni v nalogi predmetnega tipa poskusa najboljšega-najslabšega lestvičenja. V 
slednjem poskusu so anketirancem prikazali izbirni sklop, ki vsebuje podskupino atributov, 
ki jih želi raziskovalec oceniti in zahtevali, da izberejo najboljši in najslabši (ali najbolj in 
najmanj pomemben) atribut znotraj vsakega nabora. Ta eksperiment je ocenil relativne 
vplive različnih rekreacijskih pogojev na zaznavanje gneče uporabnikov poti: hrupa iz 
cestnega prometa, zasedenosti planinskih koč, onesnaževanja zraka iz cestnega prometa, 
količine odpadkov ob poti, števila drugih pohodnikov na poti, hrupa zaradi drugih 
uporabnikov poti in števila gorskih kolesarjev na poti. Izbirni nizi so bili izdelani z uporabo 
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zasnove uravnoteženih nepopolnih blokov. Vsak anketiranec je zaključil sedem nizov izbire, 
od katerih je bil vsak sestavljen iz treh različnih atributov. Vsak atribut se je pojavil trikrat 
pri različnih nizih izbire (enkrat v vsakem od treh položajev v nizu) in vsak par atributov se 
je pojavil enkrat. Anketiranci so bili naprošeni, naj navedejo, katerega od treh pogojev, 
povezanih z gnečo na lokaciji, najbolj povezujejo z gnečo v Naravnem parku Medvednica 
in katerega najmanj. 
 
Povezani model strukturne izbire je bil zasnovan, da poveže oba eksperimenta tako, da 
določi koristnost večrazsežnega atributa kot funkcijo koristnosti njegovih razsežnosti (tj. 
specifičnih pogojev, povezanih z gnečo). Model strukturne izbire združuje modele izbire in 
modele strukturnih enačb ter omogoča modeliranje in povezovanje podatkov iz ločenih, 
vendar povezanih poskusov izbire. Raziskovali smo količino variabilnosti v večrazsežnih 
atributih (gneča na poti in intenzivnost cestnega prometa), ki jih razlaga vsaka razsežnost ali 
sorodni rekreativni pogoji. Model je zaznal, v kolikšni meri dojemanje razmer, ki so 
povezane z gnečo, vpliva na preference glede stopnje gneče na poti in intenzivnosti cestnega 
prometa v Naravnem parku Medvednica. 
 
Od heterogenosti preferenc glede gneče na poti jih je bilo 30 % razloženih s heterogenostjo 
uporabnikov poti glede percepcije zasedenosti koče, odpadkov po poti, rabe poti in hrupa 
drugih uporabnikov poti. Raven uporabe poti je imela največji vpliv na preference za gnečo 
na poti; 17 % heterogenosti v tem dejavniku je bilo razloženo s heterogenostjo pri 
zaznavanju rabe poti. Po drugi strani pa je bilo 28 % heterogenosti v preferencah za 
intenzivnost cestnega prometa razloženih z zaznavanjem hrupa iz cestnega prometa, 
zasedenostjo koče in onesnaženostjo zraka. Obiskovalčev občutek hrupa zaradi cestnega 
prometa je razložil kar 20 % heterogenosti v preferencah glede intenzivnosti cestnega 
prometa znotraj parka. Ugotovitve kažejo, da so na preference obiskovalcev glede gneče na 
poti večinoma vplivale zaznave o ravni uporabe poti in hrupu cestnega prometa. Ti pogoji 
so manj zaželeni od drugih rekreativnih pogojev, vključenih v eksperimente, ki bi lahko 
služili kot smernice pri upravljanju pritiska zaradi rekreacijske uporabe v parku in 
prepoznavanju vidikov izkušenj obiskovalcev, ki jih je treba natančneje spremljati. 
 
Naš pristop ponuja oblikovalcem politike bolj bogate informacije, kot druge rešitve glede 
problematike korelacije/vzročnosti pri kompleksnih poskusih izbire, tj. izključitev nekaterih 
relevantnih atributov ali preprosto njihovo združevanje v en večrazsežni atribut. Nazadnje 
ta okvir lahko ponudi rešitve glede obstoječih problemov pri nalogah najboljšega-
najslabšega lestvičenja z zagotavljanjem metode preoblikovanja ocen koristnosti, ki se 
merijo na skupni, a relativni lestvici z neznanim sidrom, v absolutno merilno lestvico. Model 
najboljšega-najslabšega lestvičenja sam ne more ugotoviti, kateri atributi so pomembni za 
anketirance, tj. ne moremo ugotoviti, kateri vidiki rekreativnih izkušenj povzročajo izzive 
pri upravljanju. Naš okvir bi lahko bil pomemben prispevek k veljavnosti eksperimentov 
najboljšega-najslabšega lestvičenja z zagotavljanjem metode preoblikovanja ocen 
koristnosti v absolutno merilno lestvico. Statistična značilnost ocen parametrov za vpliv 
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atributov nižjega reda na preference za ravni ustreznega atributa višjega reda bi se lahko 
uporabila kot pokazatelj pomembnosti atributa, s čimer bi vse ocene koristnosti uporabili v 










Appendix B: Valuing dental patients’ preferences for dental care at the school clinic: 















Appendix C: Valuing dental patients’ preferences for dental care at the school clinic: 














Appendix D: Valuing trail users’ preferences for recreational conditions in the 











Appendix E: Valuing trail users’ preferences for recreational conditions in the 
Medvednica Nature Park: Survey questionnaire, Experiment B version 5 
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